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Abstract 
Snow plays a vital role in the energy and water budgets of drainage basins of western Canada. 
Various remote sensors such as Moderate Resolution Imaging Spectroradiometer (MODIS), 
Advanced Microwave Scanning Radiometer (AMSR-E) and Special Sensor 
Microwave/Imager (SSM/I) have been launched to map the snow cover extent (SCE), snow 
cover fraction (SCF), and snow water equivalent (SWE) across the globe. However, the 
distribution and variability of snow inferred from remote sensing products have not been 
comprehensively investigated in western Canada owing to its complex topography and harsh 
environment. 
So far, little research has been conducted on SCE-streamflow and SCE-SWE-runoff models 
focusing on Canadian watersheds where snow cover is very important for human well being. 
Although microwave remote sensing of snow is widely developed and applied in Canada, the 
retrieval of SWE in western Canada is not as well established owing to the complex 
topography in this area. Therefore, the Quesnel River Basin (QRB) of British Columbia is 
selected as a primary test site to develop and test SCE-streamflow and SCE-SWE-runoff 
models. Then the Mackenzie River Basin (MRB) is chosen as a secondary test site to apply 
the Environment Canada (EC) SWE retrieval algorithms to upscale the hydrometeorological 
research. 
In this thesis, a new approach referred to as the spatial filter (SF) method is developed to 
decrease the cloud coverage in the MODIS snow products. At the same time, the new snow 
products are evaluated based on in-situ observations of snow depth in the QRB. Then the 
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relationships between SCF from MODIS, topography, and hydrometeorology of the QRB are 
explored. In addition, various retrieval algorithms of SWE from microwave remote sensing 
are tested in the QRB. At last, the Environment Canada algorithms of SWE from SSM/I are 
adopted to produce new SCF products evaluated with the MODIS snow products. The 
relationships between SWE and SCF from SSM/I and hydrometeorology are also 
investigated in the MRB. The main findings of this thesis are as follows. Firstly, the SF 
method reduces the average cloud coverage in the QRB from 15% for MODIS 8-day snow 
products to 9%. The overall accuracy (OA) of MODIS snow products achieves ~ 90% 
accuracy in the QRB. Secondly, the SCF and snow cover duration (SCD) are largely 
controlled by the topography of this alpine watershed. For example, the gradient of SCF with 
elevation (d(SCF)/dz) during the snowmelt season is 8% (100 m)"1 in the QRB. Mean 
gradients of SCD with elevation are 3.8, 4.3, and 11.6 days (100 m)"1 for the snow onset 
season, snowmelt season, and entire year, respectively in the QRB. Thirdly, for SWE 
retrieval algorithms from microwave remote sensing, significant relationships between 
brightness temperatures (TB) difference and in-situ SWE exist only when the snow 
accumulation is less than a threshold of 250 mm or 400 mm that varies at the different in-situ 
stations in the QRB. Overall, AMSR-E provides better estimates of retrieved SWE than 
SSM/I. Compared to the algorithms based on TB difference, the artificial neural network 
(ANN) for SSM/I and AMSR-E performs much better in the QRB. At last, significant 
relationships exist between the snow distribution and hydrometeorology of western Canada 
watersheds. For example, an aggregated 1°C rise in average air temperature during spring 
leads to a 10-day advance in reaching 50% SCF (SCF50%) in the QRB. The correlation 
coefficient between normalized SCE of the SF and normalized streamflow is -0.84 (/K0.00 1) 
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for snow ablation seasons in the QRB. The correlation coefficients between SCF and 
discharge and between SWE and discharge are 0.87 (p<0.001) and 0.84 (p<0.001) in the 
MRB, respectively. The studies in this thesis will contribute to the monitoring of snow in 
remote northern areas where observation stations are sparse and the analyses of the 
relationships between the snow and hydrometeorology in western Canada are not well 
understood. 
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Chapter 1: Introduction 
1.1. Introduction 
Snow plays a vital role in the energy and water budgets of drainage basins in northern British 
Columbia (BC) and many other mountainous regions. For instance, snowmelt accounts for 
90% of the annual runoff in high elevation basins of the Rocky Mountains, United States 
(Schmugge et al., 2002). In northern mountainous areas, snow supplies large amounts of 
water for human consumption (Barnett et al., 2005). Therefore, the snow cover extent (SCE) 
and snow water equivalent (SWE) are important parameters for various hydrologic models to 
predict the seasonal water supply, runoff, and flooding risk in watersheds dominated by 
snowmelt (Hall and Martinec, 1985; Jain and Lall, 2000). The spatial and temporal 
variability of SCE and SWE are critical for hydrological and meteorological studies. Yang 
(2003) and Zhou (2004) analyze the relationships between MODIS remotely-sensed SCE 
changes and streamflow in the large Siberian watersheds and the Upper Rio Grande River 
Basin, respectively. These studies show that there exist significant relationships between the 
SCE changes and streamflow. However, some hydrological models require SWE as an input 
parameter that cannot be obtained from optical remote sensing directly. The methods of 
combining snow accumulation rate, snowmelt rate, and remotely sensed SCE are developed 
to reconstruct the spatial and temporal distribution of SWE in different environments (Cline 
et al., 1998; Durand et al., 2007; Kazama et a l , 2007). Although SWE can be obtained 
directly from microwave remote sensing data, the low resolution of those data leads to great 
uncertainty owing to the heterogeneous spatial distribution of SWE. Therefore, optical and 
microwave remote sensing, snow accumulation and melt rate, and field data are combined to 
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make use of the advantages of different methods to better map SCE and SWE. The SCE-
streamflow and SCE-SWE-runoff models can be developed to assist water resources 
managers, flood prevention and ecological protection in watersheds dominated by snow 
cover. 
1.2. Role of Snow in Environmental and Ecological Systems 
The cryosphere is critical to the climate system since it strongly influences the surface energy 
budget, the water cycle, land surface and atmospheric processes, sea level change and surface 
gas exchange among others (Lemke et al., 2007). The cryosphere includes many components 
including sea-, lake- and river-ice, snow cover, glaciers, ice caps and ice sheets, frozen 
ground, and permafrost (Tedesco, 2007). In the Northern Hemisphere (NH) snow cover 
varies more rapidly than other land cover features on earth. During its annual cycle, snow 
cover in the NH ranges from 7% to 40% of the total hemispheric land surface (Hall, 1988). 
It is estimated that the global mean surface air temperatures averaged over land and ocean 
surfaces has risen by about 0.74°C ± 0.18°C over the last 100 years (1906-2005). The rate of 
warming over the last 50 years is 0.13°C ± 0.03°C per decade; however the rate of warming 
over the last 100 years is only 0.07°C ± 0.02°C per decade. The increase of average Arctic 
temperatures almost doubles that of the average global temperatures in the past 100 years 
(Trenberth et al., 2007). The following describes the change in snow cover across North 
America based on the Intergovernmental Panel on Climate Change (IPCC) 4th assessment 
report (Lemke et al., 2007). A rise in precipitation has led to an increase of the North 
American snow cover area (SCA) in November, December, and January from 1915 to 2004 
2 
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(Groisman et al., 2004). However during the latter half of the 20th century, snow cover has 
decreased significantly during spring over North America (Groisman et al., 2004; Dery and 
Brown, 2007). Due to rising air temperatures, snow has begun to melt about eight days 
earlier in northern Alaska compared to the mid-1960s (Stone et al., 2002). In addition, snow 
water equivalent (SWE) has experienced declines and earlier maximum values as well (Mote 
et al., 2005; Mote, 2006). The mountain SWE near 1 April in western North America has 
declined by nearly 75% at monitored locations since 1950 (Mote et al., 2005). Based on 
streamflow observations, the maximum mountain SWE now occurs about two weeks earlier 
compared to 1950 in western North America (Stewart et al., 2005). Much research has been 
done to explore the reasons for these changes. For example, Stewart et al. (2005) and Mote 
(2006) analyze the relationship between streamflow, SWE, temperature and precipitation. 
Mote et al. (2005) analyze the dependence of trends in SWE on elevation and mean winter 
air temperature. All the results show that these reductions are mainly caused by atmospheric 
warming. 
The distribution of SWE is important for water resources management owing to its heavy 
usage in agriculture, industry and tourism (Dunne and Leopold, 1978). Snowmelt water is the 
major source of freshwater for 28 countries with over one billion in population (Gray and 
Male, 1981; Goodison et al., 1999; Barnett et al., 2005). Dery et al. (2005, 2005a) find strong 
links between SWE and river discharge in Northern Canada. Barnett et al. (2005) project that 
global warming will accelerate the hydrological cycle in snowmelt-dominated regions 
causing earlier snow melt and maximum SWE that may lead to regional water shortages. 
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The distribution of SWE plays an important role in ecology and biogeochemical cycles as 
well. For example, the distribution of SWE affects the life cycles of organisms living under 
snow environments (Halfpeeny and Ozanne, 1989). The abundance of Canadian lynx is 
related to snow distribution (Stenseth et al., 2004). In addition, small changes in SWE may 
strongly affect the flux of atmospheric trace elements such as CO2 through the winter 
(Brooks et al., 1999). 
1.3. Physical Properties of Snow 
Snow depth and SWE are fundamental for hydrological, meteorological, and climatological 
applications. A snowpack strongly influences the atmosphere, the ground thermal regime, 
and the hydrological cycle owing to its distinct properties (Cohen and Rind, 1991). The 
following summarizes some of the main snow characteristics. 
1.3.1. High Surface Albedo 
The surface albedo is defined as the ratio of the reflected radiation divided by the surface to 
incident radiation upon it across all wavelengths of the solar radiation spectrum (Henderson-
Sellers and Hughes, 1982; Barry et al., 1984; Barry, 1996). The surface albedo of a snow 
cover is influenced by many factors, with the following three being dominant: (1) the snow 
cover characteristics which include grain size and shape, surface roughness, liquid water 
content, and any impurities; (2) the solar zenith angle and the cloud conditions which affect 
the incident solar radiation; and (3) the albedo of the underlying surface (Barry, 1996). The 
snow surface albedo ranges greatly depending on various conditions. The surface albedo of a 
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wet and melting snow can be less than 0.60 whereas for fresh snow it can be greater than 
0.85, and greater than 0.90 under cloudy sky conditions (Wendler and Kelly, 1988; Zhang et 
al., 1996a). 
1.3.2. Emissivity and Absorptivity 
The emissivity of snow, which ranges from 0.96 to 0.99 with an average of about 0.98, is 
generally higher than that of any other land surface. Therefore, snow is considered as a 
"blackbody" over the thermal infrared part of the radiative spectrum, which is used to 
measure the temperature of a snow cover surface in remote sensing (Zhang, 2005; Konig et 
al., 2001). According to Kirchhoff s law (Wallace and Hobbs, 1977) absorptivity is directly 
proportional to emissivity; therefore snow has higher absorptivity compared to other land 
surfaces. This characteristic makes a snow surface more energy absorbing than other land 
surfaces, especially during cloudy days in the Arctic (Zhang, 2005). 
1.3.3. Low Thermal Conductivity 
Because air accounts for a large part of the snow layer, snow cover has a relatively low 
thermal conductivity. Snow density affects the thermal conductivity of snow cover. The 
thermal conductivity of more dense, ripened snowpack is about 5 times higher than that of 
less dense, fresh snow (0.5 W m"1 K"1 vs 0.1 W m"1 K"1). Due to its low thermal conductivity, 
snow cover prevents the effective energy exchange between the atmosphere and the ground 
surface, thus acting as an excellent insulator (Zhang, 2005; Stieglitz et al., 2003). 
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1.3.4. Latent Heat of Fusion and Sublimation 
Fusion occurs when snow changes from its solid to liquid form. The latent heat of fusion is 
very high compared to the heat required to only warm the snow. Snow can sublime directly 
from solid ice to water vapour as well. Since the energy for sublimation of snow consists of 
the latent heat of fusion plus the latent heat of vapourization, the sublimation of snow needs 
more energy than the fusion of snow. Therefore snowmelt and snow sublimation act as 
energy sinks because of the latent heat of fusion and sublimation (Zhang, 2005). 
1.4. Remote Sensing of Snow Cover 
As early as 1982, NASA launched a Plan for Research for Snow Pack Properties Remote 
Sensing (PRS)2 to describe the achievements and developments of remote sensing of snow 
(NASA, 1982). The methods described in the plan are still valid for recent remote sensing 
applications of snow. Tremendous technological achievements in the last decades make it 
possible for scientists to study the Earth-atmosphere system at virtually every location on 
Earth with the rapidly increasing number of satellite platforms of remote sensors (Konig et 
al., 2001). Although many achievements and much knowledge have been gained, there 
remain many unresolved problems in snow research through remote sensing. The Earth 
Observing System (EOS) Science Plan (NASA, 1999) describes the achievements, problems, 
the new possibilities and strategies of remote sensing of snow. Optical, thermal infrared and 
microwave remote sensing are adopted to measure snow characteristics, SCA and SWE. 
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1.4.1. Snow Covered Area (SCA) 
1.4.1.1. History of SCA maps 
Before remote sensing technology was employed to map SCA, the methods of panoramic 
terrestrial photographs (Potts, 1937), periodical snow survey in experimental basins (Garstka 
et al., 1958) and aerial photography (Martinec, 1973) were used to map SCA. Applications of 
remote sensing improve SCA mapping significantly (Haefner and Seidel, 1974; Rango and 
Itten, 1976; Seidel and Martinec, 1992). The methods of SCA mapping using Landsat 
Multispectral Scanner (MSS) and TM, SPOT High Resolution Visible (HRV), Moderate 
Resolution Imaging Spectroradiometer (MODIS), and Advanced Very High Resolution 
Radiometer (AVHRR) are described by many authors (e.g., Bowley and Barnes, 1979; 
Dozier, 1989; Schere, 1996; Winther and Hall, 1999; Maurer et al., 2003). The National 
Environmental Satellite Data and Information Service (NESDIS) of the U.S. National 
Oceanic and Atmospheric Administration (NOAA) has been combining various remote 
sensing products to provide weekly SCA maps in the Northern Hemisphere for more than 40 
years (Robinson et al., 1993). In 1999, the daily SCA maps were derived by combining 
multisensor data from geostationary and polar-orbiting satellite systems to substitute the 
previous weekly SCA maps (Ramsay, 1998). However, the weekly SCA maps for North 
America are still available in the National Operational Hydrologic Remote Sensing Center 
(NOHRSC). After the launch of MODIS, daily global SCA maps are available by a fully 
automated algorithm SNOWMAP (Hall et al., 1995, 2002; Klein et al., 1998, 2003; Maurer 
et al., 2003). Furthermore, weekly hemispheric and global SCA maps derived from Multi-
channel Microwave Radiometer (SMMR) and Special Sensor Microwave/Imager (SSM/I) 
with a spatial resolution of 25 km have been published since 1978 (Chang et al., 1987; Grody, 
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1991; Goodison et al., 1999). The following paragraphs describe the methods of SCA 
mapping for different remote sensing instruments. 
1.4.1.2. Methods for Landsat TM 
Landsat TM has a 30 m resolution that is suitable for small scale SCA mapping. Dozier 
(1989) developed an automated snow mapping algorithm for Landsat TM. First, snow and 
clouds are differentiated from other surfaces with a threshold in Landsat TM band 1 (4.50-
5.20 jam); then snow is differentiated from clouds with a threshold in TM band 5 (15.50— 
17.50 |am). To distinguish snow from bright soils, rocks, and clouds, the normalized 
difference image between TM band 2 (5.20-6.00 |xm) and TM band 5 is needed too. This 
algorithm classifies a pixel as either snow-covered or non-snow-covered. 
1.4.1.3. Methods for AVHRR 
AVHRR has a resolution of 1100 m that is suitable for medium-scale mapping. AVHRR has 
six bands: band 1 (0.58-0.68 jun); band 2 (0.725-1.00 fim); band 3A (1.58-1.64 jim); band 
3B (3.55-3.93); band 4 (10.30-11.30 jim); and band 5 (11.50-12.50 jim). The NOHRSC uses 
the following algorithm to map SCA for North America. AVHRR bands 3, 4, and 5 are 
utilized to differentiate snow from clouds, while the areas of snow and clouds are estimated 
form AVHRR bands 1-4. However, the two thresholds which are set manually by the analyst 
are experimental. Andersen (1982) develops an algorithm for snow mapping from AVHRR 
that was employed by the Norwegian Water Resources and Energy Directorate (NVE). 
AVHRR bands 3, 4, and 5 are used to differentiate snow from clouds, which is the same as 
the NOHRSC algorithm, while AVHRR band 2 is employed for snow mapping. A histogram 
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method is used to distribute the values: glacier or snow-cover areas are treated as 100% snow 
cover, while water or land areas are treated as 0% snow cover. Then the percentage of snow 
cover can be calculated by linear interpolation (Schjodt-Osmo and Engeset, 1997). 
1.4.1.4. Methods for MODIS 
MODIS has 1000 m, 500 m and 250 m resolutions in different channels that are suitable for 
medium-scale mapping of snow. The SNOWMAP algorithm developed for MODIS allows 
the automatic generation of SCA maps at a 500 m scale (Hall et al., 1995a). The normalized 
difference snow index (NDSI), the normalized difference vegetation index (NDVI), and 
some thresholds are combined to produce SCA maps in SNOWMAP. The NDSI is calculated 
by equation (1.1) with top-of-atmosphere reflectance values which are calculated by 
calibration coefficients. 
XTT^T MODIS band 4 - MODIS band 6 NDSI= (1.1) 
MODIS band 4 + MODIS band 6 
Since snow reflectance in the visible part is higher than that in the midinfrared part, more 
energy is reflected in the visible part than in the midinfrared part. Therefore, NDSI is higher 
for snow than for bare ground, allowing differentiation of the two. Due to the high 
reflectance of clouds in MODIS band 6 (16.28-16.52 ^m), the NDSI allows the 
discrimination of clouds and snow. There are some thresholds for mapping snow by 
SNOWMAP: the NDSI for pixels are greater than 0.4 (Hall et al., 1995; Dozier, 1989); the 
reflectance of MODIS band 2 (8.42-8.76 pm) has to be greater than 11% due to the similar 
NDSI values between water bodies and snow. In addition, the NDVI is adopted in 
combination with the NDSI to map the snow cover in forested areas due to the impacts of 
vegetation on the detection of the snow cover. A pixel, which is covered by forest, is 
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identified as snow even if its NDSI is lower than 0.4. However, this method may identify 
dark targets as snow, therefore an additional requirement is that the reflectance has to exceed 
10% in MODIS band 4 (5.45-5.65 (im) in forested pixels (Klein et al., 1998). 
Many researchers have investigated the accuracy of snow mapping based on the SNOWMAP 
algorithm. This method identifies mixed pixels as bare ground when the snow cover is less 
than 60% in the mixed pixels; however, for the mixed pixels where snow cover is larger than 
60%, the accuracy of the SNOWMAP algorithm is about 98% (Hall et al., 1995). To 
decrease the errors of SCA maps in forested areas, the NDVI is utilized to improve the SCA 
mapping (Klein et al., 1998). When the remote sensors measure the sloped surfaces, the 
estimated pixel areas are smaller than real pixel areas; therefore, Hall et al. (1995a) combine 
the SNOWMAP algorithm with a digital elevation model (DEM) of Glacier National Park, 
Montana to improve the SCA accuracy. Additionally, 30 m SCA maps from Landsat TM are 
used as "ground truth" to develop the relationship between snow cover fraction / and NDSI 
in a 500 m SCA map from MODIS. These comparisons show high consistency between the 
TM and MODIS snow products, especially when / is greater than 20% (Salomonson and 
Appel, 2004; Dery et al., 2005b). 
1.4.1.5. Methods for SSM/I and SMMR 
The spatial resolution for SSM/I is 25 km that is suitable for large-scale snow mapping. For 
SSM/I snow cover is identified by comparing the brightness temperature difference between 
channels. When the 19-GHz channel has higher brightness temperature than the 37-GHz 
channel or the 22-GHz channel has higher brightness temperature than the 85-GHz channel, 
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the pixels are defined as snow (Grody and Basist, 1996). The algorithm for SMM/I snow 
cover is similar to that for SMMR. The SCA from passive microwave algorithm is 
underestimated compared to the SCA from AVHRR due to the wet and shallow snow cover 
(Basist etal., 1996). 
1.4.1.6. Uncertainty of the SCA 
Normally a single pixel in remote sensing images includes different surface types such as 
snow cover, bare ground, and vegetation and so on, which is called a mixed pixel. The 
spectrum of mixed pixels consists of various signals from different surfaces within these 
pixels. This phenomenon makes it difficult to classify a pixel as a particular surface type in 
snow mapping. Larger pixels may have more surface types, which leads to larger errors in 
snow mapping. SCA maps of the same area based on different sensors such as TM (30-m 
pixel), AVHRR (1100-m pixel), and SSM/I (25-km pixel) show obvious differences due to 
the ranges in scales and methods (Konig, 2001). Clouds prevent the optical sensors to detect 
snow cover for long time periods and lower the temporal resolution of the sensors. Because 
snow and clouds have similar reflectances up to 1.100 jam (Massom, 1991), it is, at times, 
difficult to differentiate the two. For microwave remote sensing shallow or wet snow cover is 
a problem too. Microwave radiation from the ground can penetrate the shallow snow cover 
without attenuation. Surface scattering dominates over volume scattering in wet snow with 
only 1% liquid water (Bernier, 1987; Matzler and Huppi, 1989). The shallow and wet snow 
cover will cause higher brightness temperatures and hence to underestimates in SCA, 
especially during times of snowmelt (Walker and Goodison, 1993). Because of the vegetation, 
topography and slope, the SCA is underestimated. Since both optical and microwave based 
11 
J. Tong: Remotely sensed snow distribution and hydrometeorology 
methods for estimating SCA have specific disadvantages and advantages, the advantages of 
both methods may be combined to improve the SCA mapping further. 
1.4.2. Snow Depth and Snow Water Equivalent 
SWE mapping is an important goal in remote sensing of snow cover; however the methods 
and techniques for SWE retrieval have not been resolved sufficiently so far. Because only 
microwave can penetrate through the snowpack, most of the current methods for SWE 
retrieval are based on passive microwave data. In the visible region, additional information 
such as snow melt rate is needed to calculate the SWE and snow depth. Cline et al. (1998) 
combine a snow melt model with snow cover depletion curves obtained from Landsat TM 
data to retrieve snow depth. Durand et al. (2007) use snow cover depletion from MODIS and 
Landsat Enhanced Thematic Mapper Plus (ETM+) and a spatially explicit snowmelt model to 
estimate SWE in a relatively smaller region of the Rio Grande headwaters (3419 km2). 
Kazama et al. (2007) merge snow cover depletion from remote sensing with snow 
accumulation and melt rate from degree-day methods over a relatively larger area of 370,000 
km in Japan to estimate the spatial and temporal distribution of SWE, snow density and 
snow depth. 
Snow and the ground surface emit microwave radiation that may be detected by the 
microwave remote sensors. However, a deeper snow cover attenuates the microwave 
radiation from the snow and underlying ground due to the scattering effects of snow grains in 
the snowpack over the spectrum regions. Deeper snow cover attenuates more radiation, so 
less radiation comes through to reach the remote sensors that detect lower brightness 
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temperatures. Thus there is an inverse relationship between snow depth and brightness 
temperature. Normally the brightness temperature difference between the 19- and 37-GHz 
bands is utilized to retrieve the snow depth and SWE (Chang et al., 1987; Goodison and 
Walker, 1995). However, there is poor agreement between satellite-derived snow depth and 
individual ground measurements due to the coarse spatial resolution of the passive 
microwave sensors (Tait and Armstrong, 1996). 
In Canada, application of microwave remote sensing to snow depth and SWE for western 
Canada is not well developed. Environment Canada has established a federal government 
program since the early 1980s to develop, validate, and apply the passive microwave satellite 
data to improve the methods and technologies on retrieval of SCA, SWE and snowpack state 
for Canadian regions (Duguay and Pietroniro, 2005). Since different landscapes affect the 
microwave radiation in different ways, prairies, boreal forests, tundra, and the high Arctic 
have different algorithms for SWE retrieval (Walker and Goodison, 1993; Goita et al., 2003). 
Goodison et al. (1986) develop an empirical algorithm based on airborne microwave 
radiometer data for mapping SWE in the prairie region of western Canada from SSM/I data. 
However, algorithms developed for prairie environments are not suitable for forested regions, 
as they generally underestimate SWE owing to vegetation effects on snow accumulation and 
ablation. The Boreal Ecosystem Atmosphere Study (BOREAS) conducted winter field 
experiments in February 1994 in the boreal forest regions of western Canada. Environment 
Canada develops separate algorithms for SWE retrieval from SMMR and SSM/I for different 
landscape such as open environments, deciduous, coniferous and sparse forest cover and 
show a map of the mean SWE for March from 1979 to 2002 (hereinafter refered to as the 
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'EC algorithm') (Derksen et al., 2003). However, this map does not include British Columbia. 
The Helsinki University of Technology (HUT) Snow Emission Model-based automatic 
inversion algorithm performs well in the estimation on the regional SWE under dry snow 
conditions. The overall root mean square error (RMSE) reaches ~ 20 mm at best and about 
30 mm without using any training reference data on SWE (Pulliainen et al., 2001). Although 
SWE data are available on hemispheric or global scales from the microwave time series 
(Armstrong and Brodzik, 2001), the evaluation of the SWE are limited to certain regions of 
North America (Brown et al., 2003) such as the Canadian boreal forest (Derksen and 
MacKay, 2006), and the Prairies of western Canada (Derksen et al., 2003). 
Several factors influence the inverse relationship between brightness temperature and snow 
depth to increase the retrieval errors. When snow depths are deeper than 50-100 cm, 
brightness temperature no longer changes with the deeper snow cover owing to the saturation 
of scattering effects of snow grains, which causes underestimation of deep snowpacks in 
winter and early spring (Tait and Armstrong, 1996). However, when snow cover is shallow 
and wet, it can hardly attenuate the microwave to decrease the brightness temperature, which 
also leads to underestimates of snow depth. Since larger grain sizes can scatter more 
microwave radiation, they can decrease the brightness leading to an overestimation of snow 
depth (Hall et al., 1986). Forest canopies above the snow cover emit microwave radiation 
causing the brightness temperatures to increase and an underestimation of snow depth (Konig, 
2001). 
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1.5. Thesis Objectives and Outline 
So far, little research has been conducted on SCE-streamflow and SCE-SWE-runoff models 
focusing on Canadian watersheds where snow cover is crucial for human well-being. 
Although microwave remote sensing of snow is widely developed and applied in Canada, the 
retrieval of SWE in western Canada is not as well established owing to the complex 
topography in this area. Therefore, the Quesnel River Basin (QRB) of British Columbia is 
selected as a test site to develop and test SCE-streamflow and SCE-SWE-runoff models. In 
addition, the Mackenzie River Basin (MRB) is chosen as a test site to apply the EC SWE 
retrieval algorithms to upscale the hydrometeorological research. Specific objectives of this 
research are: 
1) To develop a new method to decrease the cloud impacts on the MODIS snow maps. 
2) To evaluate the accuracy of the MODIS snow maps over complex terrain. 
3) To evaluate the different SWE retrieval algorithms in high-latitude/altitude watersheds. 
4) To explore the effects of topography on the snow distribution over complex terrain. 
5) To explore the relationships between snow distribution and hydrometeorology in high-
latitude/altitude watersheds. 
This thesis comprises four main chapters to achieve these main goals. In chapter 2, a spatial 
filter method is adopted to decrease the cloud coverage in the MODIS snow products. 
Concurrently the new snow products are evaluated based on in-situ observations of snow 
depth in the QRB. At last, the relationships between the SCF, SCE, and hydrometeorology 
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are explored based on the MODIS snow products and hydrometeorogical observation in the 
QRB from 2000-2007. 
The third chapter explores the topographic control on the snow distribution in the QRB. 
Some parameters such as SCD, SCF, and SCE are extracted based on the MODIS snow 
products to compare with a DEM of the QRB. Emphasis is given to the effects of slope, 
aspect, and elevation on the process of snow accumulation and ablation. 
Various SWE retrieval algorithms for SSM/I and AMSR-E are evaluated with in-situ 
observations in chapter 4. Various algorithms including empirical TB difference developed at 
Environment Canada, spectral polarization difference (SPD) and artificial neural network 
(ANN). The root mean square error (RMSE), multiple correlation coefficient (R), linear 
regression coefficient (r), absolute agreement (AA) and relative agreement (RA) between 
retrieved and in-situ SWE are calculated to compare the different algorithms. 
Chapter 5 applies the microwave remotely sensed data of SSM/I from 1988-2007 to explore 
the relationships between snow distribution and hydrometeorology in the Mackenzie River 
Basin (MRB). The optimal thresholds of retrieved SWE from SSM/I to classify the land 
cover as snow or no-snow for different sub-basins in the MRB are determined against the 
MODIS snow products. Then, the relationships between the microwave remotely sensed 
SWE and SCF of SSM/I and hydrometeorology from 1988-2007 are explored in the MRB. 
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Chapters 2 to 5 include 4 papers which are published, in press, or submitted to different 
journals. The appropriate permissions have been obtained to reproduce the papers herein. 
Chapter 6 presents a summary of the principal results obtained in the thesis and some 
suggestions for future work. 
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Chapter 2: Interrelationships between MODIS/Terra remotely 
sensed snow cover and the hydrometeorology of the Quesnel 
River Basin, British Columbia, Canada 
Tong, J., Dery, S. J., and Jackson, P. L., 2009, Interrelationships between MODIS/Terra 
remotely sensed snow cover and the hydrometeorology of the Quesnel River Basin, British 
Columbia, Canada, Hydrol. Earth Syst. Sci., 13, 1439-1452. 
Published version is available at: 
http://www.hydrol-earth-syst-sci.net/! 3/1439/2009/hess-13-1439-2009.html 
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2.1. Introduction 
The snow cover extent (SCE) and snow water equivalent (SWE - defined as the liquid water 
equivalent depth of snow) are important parameters for many land surface and hydrological 
models (Hall and Martinec, 1985; Jain and Lall, 2000; Dery et al., 2004, 2005; Yang et al., 
2003, 2007; Liston, 1999; Kolberg and Gottschalk, 2006; Kolberg et al., 2006). This arises 
from the significant contribution of snow ablation to river discharge in high-latitude or alpine 
watersheds (Barnett et al., 2005, Schmugge et al., 2002, Dyer, 2008). However, during the 
latter half of the 20th century, snow cover has decreased significantly during spring over 
North America (Groisman et al., 2004; Dery and Brown, 2007). Due to increasing air 
temperatures, snow has begun to ablate about eight days earlier in northern Alaska compared 
to the mid-1960s (Stone et al., 2002). In addition, declines and earlier occurrences of 
maximum SWE have been observed in the Cordillera of western North America (Mote et al., 
2005; Mote, 2006; Stewart et al., 2005; Dery et al., 2009). 
The spatial and temporal variability of SCE and SWE are critical variables for many 
hydrometeorological studies. Yang et al. (2003) and Zhou et al. (2005) show that there exists 
a significant relationship between National Oceanic and Atmospheric Administration 
(NOAA) weekly SCE and Moderate Resolution Imaging Spectroradiometer (MODIS) 
remotely-sensed SCE changes and measured streamflow in the large Siberian watersheds and 
Upper Rio Grande River Basin, respectively. However, there are limited studies on the 
relationships between SCE and the hydrometeorology of the alpine sub-boreal forest owing 
to sparse in-situ observations and the limited accuracy of remote sensing products in this 
environment. Therefore, the Quesnel River Basin (QRB), a representative high-elevation 
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watershed in the sub-boreal forest of British Columbia (BC), Canada, is selected as a test site 
to analyze the relationships between its SCE and hydrometeorology. 
Tremendous technological achievements in the last decades make it possible for scientists to 
study the Earth-atmosphere system at virtually every location on Earth with the rapidly 
increasing number of satellite platforms of remote sensors (Konig et al., 2001). Optical 
remote sensors such as MODIS on Terra can detect snow cover owing to the higher spectral 
reflectance of snow in the visible bands compared to the mid-infrared bands. The overall 
accuracy (OA - defined as the number of pixels correctly classified divided by the total 
number compared) of MODIS snow products is typically around 90% in some areas such as 
the Tibetan Plateau (Pu et al., 2007), Austria (Parajka and Bloschl, 2006), the Upper Rio 
Grande River Basin of Colorado (Klein and Barnett, 2003; Zhou et al., 2005), the Missouri 
and Columbia River Basins, USA (Maurer et al., 2003) and the Kuparuk River Basin of 
Alaska (Dery et a l , 2005) in cloud-free conditions. However, cloud coverage significantly 
affects the OA of MODIS snow products owing to the inability of visible and mid-infrared 
electromagnetic spectrum to penetrate clouds. To diminish the impact of clouds on the 
detection of snow by remote sensing, Parajka and Bloschl (2008) developed a spatio-
temporal method applied to MODIS/Terra and MODIS/Aqua snow products. This approach 
successfully reduces the cloud coverage from an average of 63% in the daily snow products 
to about 4% with OA above 90% in Austria. However, since MODIS/Aqua was launched in 
July 2002, the spatio-temporal methods cannot be used to improve the snow products prior to 
this time. Furthermore, the OA of MODIS snow products in sub-boreal forests and 
mountainous areas such as the QRB remains unknown. 
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In this paper, an alternative simplified method entitled the spatial-filter method (SF) is 
proposed to reduce cloud coverage based on the MODIS/Terra 8-day snow products 
(MOD10A2) in the QRB. Then the SF is evaluated by comparing the different cloud 
coverage between MODIS/Terra daily snow products (MODlOAl), MOD10A2 and SF. In 
addition, the OA of these different snow products is evaluated according to the snow depth 
(SD) measurements at four in-situ stations in the QRB. Finally, the relationships between 
snow ablation, SCE, streamflow and meteorology are explored based on the MOD10A2 and 
the SF datasets. 
2.2. Study Area 
The QRB is located in the northern part of the Fraser River Basin, BC, Canada, with a central 
point near 52.5°N and 121°W. The QRB covers about 12,023 km2 over a wide range of 
topography, meteorological conditions and land uses across the watershed. Elevation ranges 
from ~ 500 m to 3000 m with an average value of 1375 m. The higher portion lies in the 
northeast covered mainly by glaciers, alpine growth and old forest vegetation. The southwest 
portion is the lower elevation area covered mainly by young forests, agricultural regions, and 
small settlements. The precipitation across the QRB ranges from 500-2500 mm yr"1 (Burford 
et al., 2009). Four in-situ observation stations operated by Environment Canada and the BC 
Ministry of Environment are located within the QRB. Streamflow for the Quesnel River (QR) 
is measured at a gauge situated near its outlet to the Fraser River (Fig. 2.1). 
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2.3. Data 
2.3.1. MODIS snow products 
MODIS, with 36 discrete, narrow spectral bands from approximately 0.4 to 14.4|im, is 
mounted on the Terra spacecraft, launched on 18 December 1999. Terra orbits across the 
equator at a local standard time of-10:30 a.m. on its descending node. The spatial resolution 
of MODIS bands range from 250 m to 1000 m with a spectral resolution of 0.01 to 0.05 
|um for different bands. Bands 1 and 2 have 250 m spatial resolution; bands 3 to 7 have 500 
m spatial resolution; and bands 8 to 36 have 1000 m spatial resolution. MODIS/Terra began 
to collect Earth system information on 24 February 2000 (http://modis.gsfc.nasa.gov/). 
The SNOWMAP algorithm for MODIS snow products is described fully by other authors 
(e.g., Klein et al., 1998; Hall et al , 1995; 2002; Dozier, 1989) such that only a brief summary 
of its details is given here. Briefly, the SNOWMAP algorithm is based on the normalized 
difference snow index (NDSI), which is the ratio between at-satellite reflectance in MODIS 
band 4 (0.55 |im) and band 6 (1.6 |im). Normally, a threshold value of 0.4 in the NDSI 
combined with the normalized difference vegetation index (NDVI) and the measured 
reflectance of the surface is employed to classify snow pixels. The snow maps are available 
at different resolutions and projections such as 500 m daily and 8-day data on a sinusoidal 
projection and 0.05°, 0.25° daily, 8-day, and monthly data on a latitude/longitude grid or the 
so-called climate-modeling grid. All snow maps are distributed through the National Snow 
and Ice Data Center (NSIDC; http://nsidc.org). 
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Snow cover extent (SCE) and snow cover fraction (SCF) in this paper denote respectively the 
total area of snow cover and percentage of snow cover at a given time in the entire QRB or 
some of its smaller subbasins. The MODlOAl and MOD10A2 at a 500 m resolution are 
highly suitable for analyzing the SCE and SCF for a watershed of an area of about 10,000 
km2. The MOD10A2 is an 8-day composite snow product from every 8-day period of the 
MODlOAl products from the first day of every year. The MOD10A2 effectively forms a 
temporal filter of MODlOAl data that minimizes the cloud coverage while maximizing the 
SCF. For MOD10A2, a pixel is classified as cloud only when the pixel is cloud-covered 
continuously all 8 days. However, if a pixel is observed as snow cover for any of the days, 
the pixel is classified as snow in MOD10A2. If there is no snow for a pixel through all 8 days, 
the pixel is classified as one type of land use, except for cloud. 
Version 005 (V5) forms the latest release of MODIS snow products that began to be 
reprocessed in mid-July 2006. The reprocessing includes all the MODIS snow products 
beginning from 24 February 2000 to the present, which was completed in September 2008. 
The MODIS snow products used in this study include MODlOAl and MOD10A2. The V5 
data used here begin on 24 February 2000 and end on 31 December 2007. Tile hl0v03 
covers the entire study area of the QRB. The MODIS Reprojection Tool (MRT) is used to 
resize and reproject the tile data to BC Albers equal area projection with batch processing 
code. 
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2.3.2. In situ meteorological data 
There are nine in-situ observation stations including automated snow pillows and weather 
stations in and around the QRB that are operated by Environment Canada and the British 
Columbia Ministries of Environment, Forest and Range (Fig. 2.1). Table 2.1 lists the details 
of the nine stations. All nine stations measure air temperature and precipitation, which are 
available online (http://www.climate.weatheroffice.ec.gc.ca/climateData/canada_e.html or 
http://alOO.gov.bc.ca/pub/aspr/). All stations measure daily SD with the exception of 
Barkerville (1A03P) and Likely. Given that snow occurs only 5 to 10% of the time at 
Quesnel A, Kersley A, and Williams Lake A, it is inadequate for the validation of the 
MODIS snow products, especially at the eight day timescale. Therefore, only the SD data 
measured at Horsefly Lake/Gruhs Lake (HLGL), Barkerville (1090660), Boss Mountain 
Mine (BMM) and Yanks Peak East (YPE) are used to verify the accuracy of MODIS snow 
products (see Fig. 2.1). All air temperature and precipitation measurements at the nine 
stations are used to explore the relationships between SCE or SCF and hydrometeorological 
variables in the QRB. 
2.3.3. Streamflow 
The QR gauge station is one of at least 6 active gauges throughout the QRB; however, the 
other gauges only represent smaller drainage areas in the QRB rather than the integrated 
response of the entire watershed (Burford et al., 2009). In addition, there are no dams or other 
major anthropogenic disturbances on the QR. Thus daily streamflow measurements at this 
gauge (I.D. 08KH006) from the Water Survey of Canada 
(http://www.wsc.ec.gc.ca/hydat/H20/) over the period 2000 to 2007 are used in the analyses. 
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However to explore the impacts of Quesnel Lake on the overall streamflow, the Horsefly 
River subbasin upstream of Quesnel Lake is also incorporated in some of the analyses. 
Missing streamflow (2000-2004) for the Horsefly River gauge (I.D. 08KH031) are estimated 
by summing the measured streamflow at Moffat Creek (I.D. 08KH019), McKinley Creek 
(I.D. 08KH020), and the Horsefly River above McKinley Creek (I.D. 08KH010). The 
boundary of the Horsefly River subbasin and locations of these four hydrometric gauges are 
shown in Fig. 2.1. 
2.4. Methods 
2.4.1. Spatial filter for MOD10A2 
The SF is used only to reclassify the 8-day MOD10A2 data since they already form a 
temporal filter for the original MODlOAl product. This process of reclassifying the 
MOD10A2 using the SF is more straightforward than the spatio-temporal method used by 
others (Parajka and Bloschl, 2008). The steps in the SF are outlined in Fig. 2.2. First, the 
snow maps are reclassified as snow, no snow, or cloud based on the 12 classified types of 
MOD10A2. Except for the snow and no snow pixels, all other pixels such as missing, 
erroneous, and sensor-saturated data are defined as clouds. Then, a cloud-covered pixel is 
replaced by the majority of non-cloud pixels in the eight closest neighborhood pixels. If the 
number of pixels of snow and no snow are equal, the center pixel is defined as snow. 
However, if all of the eight closest neighborhood pixels are cloud-covered, the center pixel is 
kept as cloud. 
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2.4.2. Evaluation of MODlOAl, MOD10A2 and SF products 
To evaluate the OA of MOD10A2 and SF products, ground observations of snow 
distributions are needed. However, there are few in-situ snow depth observations in the sub-
boreal forest owing to the remote and mountainous terrain. In the QRB, four in-situ SD 
observation stations (HLGL, Barkerville, BMM, and YPE) are considered as ground truth for 
the corresponding pixels in the remotely sensed snow products. 
There are four possible outcomes comparing in-situ observations with MODIS snow 
products (Table 2.2). The OA, underestimation error (UE), and overestimation error (OE) of 
MODIS snow products are evaluated quantitatively based on comparisons with in-situ 
observations. When both in-situ observations and MODIS snow products simultaneously 
infer the same surface type, such as snow or no snow, MODIS snow products are deemed as 
correct. In this work, the OA, UE, and OE are as defined by Pu et al. (2007) and Parajka and 
Bloschl (2008). The OA of MODIS snow products is calculated by equation (2.1) through the 
whole period: 
where terms a, b, c and d are defined in Table 2.2. If the in-situ observations show snow (or 
no snow) when the corresponding MODIS data resolve no snow (or snow), this is called UE 
(or OE). The UE and OE of MODIS snow products are calculated by equations (2.2) and 
(2.3), respectively: 
Overall Accuracy = a + d (2.1) 
a + b + c + d 
Underestimation error 
a+b+c+d 
(2.2) 
Overestimation error - c (2.3) 
a+b+c+d 
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All accuracy and error estimates are based on days when the in-situ observations are 
available and the corresponding MODIS snow products are not cloud. 
Owing to the heterogeneity of snow cover, a threshold of SD (k) has to be established to 
classify the ground truth as snow or no snow. When the SD>& cm, the land surface is 
classified as snow; otherwise, the land surface is defined as bare. The OA of the snow 
products based on the different thresholds is compared to determine which threshold is better 
for classifying the ground truth. Three different thresholds of k = 0 cm, 2 cm, and 5 cm are 
initially used to calculate the OA of the snow products. This shows that the highest OA is 
achieved with k = 2 cm (not shown). Therefore, a commonly used threshold of 2 cm 
(Stieglitz et al., 2003, Neumann et al., 2006) is adopted to classify the land as snow or no 
snow at in-situ stations. For this evaluation, the daily snow conditions of ground truth are 
reclassified to match the periods of the 8-day MODIS snow products. During an 8-day period, 
the ground is defined as snow only when there are at least 4 days with snow on the ground 
(Zhou et al., 2005). 
Since there are uncertainties in the locations of in-situ stations (resolution of about 0.01°) and 
the MODIS reprojection tool, three different patches ( lx l , 3x3, and 5x5 pixel2) are initially 
adopted to retrieve the remotely sensed snow products of the pixels corresponding to the in-
situ stations. For the 3x3 pixel2 or 5x5 pixel2, the central pixels are defined as the major of 
the 9 or 25 closest neighborhood pixels. Zhou et al. (2005) find that the retrieval method of 
5X5 pixel2 had the highest OA compared to in-situ ground observations by the Snowpack 
Telemetry measurements in the Upper Rio Grande River Basin, New Mexico, USA. The OA 
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of MODIS snow products from the three different retrieval methods show that 5x5 pixel2 has 
the highest OA in the QRB (not shown). Therefore, only the retrieval method for 5X5 pixel2 
is used to evaluate the MODIS snow products in the QRB. 
2.4.3. Eight day in-situ data 
To explore the interrelationship between SCE and river discharge, the daily streamflow data 
measured at the gauges are averaged into 8-day values beginning from 1 January every year. 
To compare the MOD10A2 SCE to the corresponding streamflow, the 8-day averaged and 
accumulated streamflow are calculated over the same periods as MOD10A2. To study the 
effects of climate factors such as precipitation and temperature on the SCE and streamflow, 
hydrological year precipitation and temperature are calculated based on the in-situ 
observations. Since the snow accumulation begins in September nearly every year in the 
QRB, the "hydrological year" in this paper is defined from 1 September to 31 August of the 
following year (similarly to Wang et al., 2009). For example, hydrological year 2000 is from 
1 September 1999 to 31 August 2000. The 8-day average air temperature and 8-day 
accumulated precipitation measured at the nine in-situ stations are calculated for hydrological 
years 2000-2007. During snow ablation seasons from 24 February to 24 June with 16, 8-day 
values, the corresponding average air temperatures for given periods are calculated. The 
periods are aggregated from the first date 24 February to another date; for example the period 
from 24 February to 4 March is represented by 4 March; period from 24 February to 8 June is 
represented by 8 June, as discussed later. 
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2.4.4. SCFso% and R50% 
The date at which the SCF attains 50% during each snow ablation season is referred to as 
SCF5o%, whereas the dates at which the normalized accumulated runoff (ratio between 
accumulated runoff at a given time and total snow ablation season accumulated runoff) 
reaches 50% of its seasonal value during the snow ablation season will be denoted by R5o%. 
This paper focuses on the interrelationships between SCE, SCF and hydrometeorological 
conditions during snow ablation seasons, defined as the period from 1 March to 30 June with 
a total of 128 SCE values from 2000 to 2007. To quantify the relationships between SCFso% 
and average air temperature in the QRB in a given period, we define the day of year of 
SCF5O% and R5O% beginning from the first day of every year. In addition, 8-day average air 
temperatures and 8-day accumulated precipitation through the hydrological years are 
calculated based on the nine in-situ stations to compare with the SCF5o% and R5o%. 
2.5. Evaluation of different MODIS snow products 
2.5.1. Cloud coverage of different MODIS snow products 
The SF reduces considerably cloud coverage over the QRB (Fig. 2.3). The top image is the 
MODlOAl daily SCE on 24 January 2007; the middle image shows the MOD10A2 8-day 
maximum SCE as determined from MODlOAl observations from 17 January 2007 to 24 
January 2007; the bottom image is the corresponding SF snow products from MOD10A2 on 
17 January 2007. During the eight days, MODlOAl daily snow products have an average 
cloud coverage of 83.6% ranging from 59.1% to 100% on 24 January 2007. According to the 
algorithm of 8-day maximum SCE, the cloud coverage decreases to 47.2% while the SF 
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decreases the cloud coverage to about 32.1%. The reduction values of cloud covered area are 
8,176 km2 and 1,803 km2 compared to MODlOAl and MOD10A2, respectively. 
The annual distribution of the averaged 8-day cloud coverage of MODlOAl, MOD10A2, SF 
and the difference between MODlOAl and MOD10A2 are shown in Fig. 2.4a. The 
maximum values of cloud coverage are 83.6% on 17 January and 36.7% on 16 October for 
MODlOAl and MOD10A2, respectively. The MOD10A2 shows significantly lower cloud 
coverage than MODlOAl owing to the temporally filtered algorithm. The maximum cloud 
coverage difference between MODlOAl and MOD10A2 is 66.2%, occurring on 2 February, 
while the minimum cloud coverage difference between MODlOAl and MOD10A2 is 29.1%, 
occurring on 13 August. Although the cloud coverage of MOD10A2 is much lower than 
those of MODlOAl, there remains ~ 15% cloud coverage throughout the whole year. 
Therefore, cloud coverage results in a spurious decrease of remotely sensed SCF since, for 
example, it decreases about 18.7% from 76.8% on 1 January to 58.1% on 17 January. 
However, the SF reduces some of the cloud coverage in MOD10A2. The maximum amount 
of cloud coverage reduced by SF is 19.7% on 13 March 2004 from 42.5% of MOD10A2 to 
22.9% of SF. The average cloud coverage decreases from an annual average of about 15% of 
MOD10A2 to 9% using the SF. The SCF of the SF has an average about 5% more than those 
of MOD10A2 in winter owing to the elimination of cloud coverage (Fig. 2.4). 
2.5.2. Accuracy of different MODIS snow products 
The evaluation is based on in-situ observations at the four stations in the QRB. The threshold 
of k = 2 cm for the in-situ SD is set to classify the ground as snow or no snow. The 
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evaluation is based on cloud free days when the MODIS snow products corresponding to the 
in-situ stations that show no cloud is present and the days when the in-situ observations are 
available. 
Table 2.3 lists the cloudy days for 5x5 pixel2 of MODlOAl, MOD10A2, and SF snow 
products and total days when the in-situ observations are available. During the total 2864 
days from 24 February 2000 to 31 December 2007, there are 180, 366, 492, and 418 missing 
daily SD for HLGL, Barkerville, BMM, and YPE, respectively. A total of 361 8-day in-situ 
SD during the period can be calculated according to the daily SD. The cloudy days represent 
the days when the remotely sensed snow maps show clouds for the pixels corresponding to 
the in-situ observations during the days when the in-situ SD are available. For MODlOAl, 
the percent of cloudy days ranges from 64.2% to 71.9%. The percent of cloudy days of 
MOD10A2, which ranges from 10.5% to 17.7%, is much lower than MODlOAl. The SF 
reduces the percentage of cloudy days from MOD10A2 to 12.1%, 8.0%, 4.7%, and 3.6% for 
YPE, BMM, Barkerville, and HLGL, respectively. 
The OA, UE, and OE for 5x5 pixel2 of MODlOAl, MOD10A2, and SF based on k = 2 cm 
are listed in Table 2.4. The OA for the four in-situ stations ranges from 67.4% to 90.1%, 
75.9% to 90.1%, and 76.5% to 93.1% for MODlOAl, MOD10A2 and SF snow products, 
respectively. The OA for the four in-situ stations varies owing to the different topography. 
HLGL, located at 777 m, has the highest OA. The lowest OA occurs at the highest station 
YPE, at an elevation about 1670 m. BMM and Barkerville, which are located at 1460 m and 
1265 m, respectively, have intermediate OAs. For the same in-situ station, the SF has about 
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3.0%, 1.2%, 1.6% and 0.6% higher OA than MOD10A2 and 3.0%, 1.9%, 10.5%, and 9.1% 
higher OA than MODlOAl for HLGL, Barkerville, BMM, and YPE, respectively. 
The error rate is mainly due to the UE, which implies that the snow on the ground is 
incorrectly classified as no-snow in the remotely sensed snow maps. The UE at YPE reaches 
about 32.1%, 23.4%, and 23.1% for MODlOAl, MOD10A2 and SF, respectively; however, 
the OE at YPE is relatively low at about 0.6%, 0.7%, and 0.5% for MODlOAl, MOD10A2 
and SF. BMM exhibits a similar pattern as YPE with much higher UE than OE. However, the 
UE and OE at HLGL are nearly equal. This phenomenon demonstrates that the complex 
topography in the sub-boreal forest is a main factor leading to UE of snow in MODIS snow 
products (Tong et al., 2009). A more detailed comparison is shown in Table 2.5 to assess the 
bias of disagreement for MOD10A2 and SF. For all in-situ stations, the accuracy of 
classifying land as land is higher than that of classifying snow as snow. The SF increases the 
accuracy of classifying snow as snow by about 1.8%, 5.8%, 4.8%, and 7.9% for YPE, BMM, 
Barkerville, and HLGL, respectively. The error of classifying land as snow (2.6%-7.2% for 
MOD10A2, 2.7%-4.0% for SF) is much lower than the error of classifying snow as land 
(11.4%-24.6% for MOD10A2, 12.9%-27.4% for SF). The error of classifying snow as cloud 
is higher than the error of classifying land as cloud for all in-situ stations, with differences 
from 2.5% to 10.4%. 
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2.6. Results 
2.6.1. Interrelationships between SCE and streamflow 
In sub-boreal forests and mountainous areas such as the QRB, the SCE and SCF have a 
strong relationship with streamflow (Fig. 2.4b). The 8-day annual averages of SCF and 
streamflow from 2000 to 2007 show significant opposite trends with correlation coefficients 
of about -0.746 (p<0.001) and -0.750 (/;<0.001) for MOD10A2 and SF, respectively. 
However, during the summer (especially July and August), snow is not the main source of 
streamflow although there is a perennial snow cover and/or glaciers at higher elevations 
>2500 m (Tong et al., 2009a). The 8-day time series of SCF derived from MOD10A2 and SF 
for the QRB and normalized accumulated runoff of the QR during snow ablation seasons 
from 2000-2007 are shown in Fig. 2.5. The SF shows higher SCF than MOD10A2 during the 
snow ablation seasons, which can reach peak values of 97%. During spring, a decrease in 
SCF induces higher runoff in the QRB. The correlation coefficients between SCE and lagged 
streamflow attain their most significant values at about -0.84 (p<0.001) and -0.79 (p<0.001) 
for a 32-day lag for the SF and MOD10A2, respectively (Fig. 2.6a). The correlation 
coefficients between SCE from SF and MOD10A2 and lagged streamflow are also calculated 
for the Horsefly River subbasin (Fig. 2.6b). The maximum lagged correlation coefficients for 
the Horsefly River subbasin is about -0.76 (/?<0.001) at the 0-day lag date. Therefore, the 32-
day lag in the QRB arises in part from the deep snowpacks in the basin's headwaters (see 
Table 2.7) and the presence of Quesnel Lake that forms a large reservoir of water, attenuating 
the spring freshet signal in the QR (Fig. 2.1). The scatter plots between (normalized) SCE 
and (normalized) streamflow are shown in Fig. 2.7. The correlation coefficient between the 
SCE of SF and streamflow are higher than that between SCE of MQD10A2 and streamflow 
33 
J. Tong: Remotely sensed snow distribution and hydrometeorology 
( -0 .80 vs. -0 .76 (P<0 .001) ) owing to the elimination of cloud coverage by the SF. The 
correlation coefficients between normalized SCE and normalized streamflow are about 0.04 
higher than those between SCE and streamflow. Regression analyses and corresponding 
coefficients of determination (R2) for the snow seasons demonstrate that linear regressions fit 
better the data than the logarithmic regressions. 
2.6.2. Impact of climatic variability on the interrelationships between SCE and 
streamflow 
SCF5O% in different years ranges from its earliest value near 25 March 2 0 0 5 and 27 March 
2 0 0 3 to the latest value around 10 May 2 0 0 2 , amounting to a difference of 40 days in 
reaching this mark (Table 2.6). To explore the reasons for the earlier snow ablation, the 
monthly average air temperature and accumulated precipitation for different hydrological 
years are compared (Fig. 2.8). For snow onset seasons (September to December), the 
average air temperature in 2 0 0 3 is the second highest with 0 .3°C lower than the average air 
temperature in 2 0 0 0 and 0 .3 °C -1 .3°C higher than the average air temperatures in the other 
years. Furthermore, the accumulated precipitation in 2 0 0 3 is about 140 mm - 2 5 0 mm lower 
than the mean accumulated precipitation over 2 0 0 0 - 2007 , resulting in less accumulated 
snow compared to other years. Table 2.7 lists the annual maximum SD from measurements at 
the four SD stations, clearly showing that the lowest accumulation occurred in 2003, whereas 
2 0 0 2 experienced the highest SD. For snow ablation seasons, the average air temperatures of 
2 0 0 5 are always higher than in other years; however, the average air temperatures of 2 0 0 2 
are the coolest throughout 2 0 0 0 - 2 0 0 7 . The difference of average air temperature between 
2 0 0 5 and 2 0 0 2 in a given period ranges from 2 .9°C to 8.0°C. Accumulated precipitation in 
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2003 always shows one of the lowest totals; however, accumulated precipitation in 2005 
always shows much higher values in a given period compared to other years. The correlation 
coefficients between SCF5o% and average air temperature and precipitation for different time 
periods are calculated with the results for air temperature shown in Fig. 2.9a. Correlation 
coefficients between the eight samples of SCF5o»/0 and precipitation are always less than -0.1, 
demonstrating there is no significant relationship between them. However, there exits a 
strong relationship between average air temperatures and the SCF5o%, with the most 
significant anticorrelation coefficient at -0.847 {p<().()\ ) on 8 June. The scatter plots between 
average air temperature from 24 February to 8 June and SCFso% and between SCF5o% and 
R.50% are shown in Fig. 2.9b and Fig. 2.9c, respectively. Linear relationships between them 
exist, with correlation coefficients of -0.847 (/K0.01) and 0.815 (p<0.01), respectively. 
However, the pair of values in 2003 falls out of the linear relationship. After excluding these 
outliers, the correlation coefficient between average air temperature and SCFso% reaches -
0.993 (p<0.001) on 8 June and the correlation coefficient between SCFso% and R5o% reaches 
0.913 (£><0.001). According to the linear regression, the slope between SCF50% and average 
air temperature (d(SCF50%)/d7) is 10 days (°C)"'. This implies that an aggregated rise of 1°C 
above the seasonal average air temperature leads to a 10-day advance in reaching 50% SCF 
in the QRB. As such, this provides a measure of predictability for both SCFso% and R5o% 
during spring. 
2.7. Concluding Discussion 
MODIS snow products have been used to analyze the snow distribution in different areas 
such as the Tibetan Plateau, the Upper Rio Grande River Basin and the North Slope of 
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Alaska (Pu et al., 2007; Klein and Barnett, 2003; Zhou et al., 2005; Dery et al., 2005). 
However, cloud coverage always prevents MODIS sensors from fully detecting the 
underlying snow cover that induces snow mapping errors. This study applied a SF method to 
reduce the cloud coverage to improve the accuracy of snow maps from MODIS in the sub-
boreal mountainous QRB. The SF method reduced the average cloud coverage in the QRB 
from 15% for MOD10A2 to 9% for SF products. 
There are limited evaluations of MODIS snow products in sub-boreal mountainous forests. 
The measurements at four in-situ stations in the QRB were adopted to evaluate the accuracy 
of MODIS snow products. Comparisons based on the three thresholds (k = 0 cm, k = 2 cm, or 
k = 5 cm) for the in-situ SD, which were set to classify the ground as snow or no snow, 
indicated that the threshold of k = 2 cm performed better than the threshold of k = 0 cm and k 
= 5 cm. The OA for the four in-situ stations decreased with elevation. For the SF, the OA 
were 93.1%, 87.9%, 84.0%, and 76.5% for HLGL, Barkerville, BMM and YPE, respectively. 
The SF not only reduced cloud coverage but also increased the OA by about 2% compared to 
MOD10A2. The OA of MODlOAl was lower by about 10% at high elevations such as BMM 
and YPE compared to SF. The lower OA in higher elevations was mainly caused by the UE 
defining snow as no snow. The OA of MODIS snow maps in sub-boreal mountainous forests 
are comparable to that in other regions with different land cover types (Pu et al., 2007; Zhou 
et al., 2005). 
Snow cover within sub-boreal mountainous areas such as the QRB imposes a strong 
influence on streamflow. Snow ablation processes are strongly controlled by air temperature. 
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The correlation coefficients between streamflow and SCE based on the SF were more 
significant than those from MOD10A2, owing to the effective reduction of cloud coverage by 
the SF during snow ablation seasons. The correlation coefficient between spring streamflow 
and SCE of the SF is about -0.84 (p<0.001) which is much higher than the correlation 
coefficient in the Upper Rio Grande River Basin (Zhou et al., 2005), indicating that the snow 
cover forms an important resource of freshwater in the QRB. There was a 32-day lag period 
between snow ablation and its greatest impact on streamflow at the QR gauge. An aggregated 
1°C rise in seasonal air temperatures led to a 10-day advance in reaching SCF50% in the QRB. 
There was also a strong linear relationship between SCF5o% and R.50%, with a correlation 
coefficient 0.815 (p<0.01). 
The results of this study demonstrate that the SF is a feasible method to reduce the cloud 
coverage to improve the snow mapping from the original MOD10A2 product. The OA of 
MODIS snow products in sub-boreal mountainous forests provides a better understanding 
and prediction of the snow cover distribution and the resulting streamflow in these regions. 
The methods and results developed here improve the understanding of snow distribution with 
elevation (Tong et al., 2009a) and of the resulting hydrological response over complex terrain. 
This leads to an enhanced ability to model and predict land surface process changes caused 
by climate variability and change over complex topography. 
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Fig. 2.1. Geographical map of the Quesnel River Basin (QRB) and surrounding region. 
Stars represent the stations within the QRB whose air temperature, precipitation and SD are 
used. Triangles represent the stations around the QRB whose air temperature and 
precipitation are used. The green circles with numbers 1, 2, 3, and 4 represent the locations 
for the gauges on the Horsefly River (I.D. 08KH031), Moffat Creek (I.D. 08KH019), 
Horsefly River above McKinley Creek (I.D. 08KH010), and McKinley Creek (I.D. 
08KH020), respectively. The Horsefly River sub-basin is the area in the lowest red line 
polygon. 
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Fig. 2.2. Flow chart describing the spatial filter method employed to reduce cloud coverage 
in MOD1QA2. 
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Snow product of MODlOAl 
on 24 January 2007 
Fig. 2.3. Comparison of snow maps of 
MODlOAl (top), MOD10A2 (middle), and SF 
(bottom) in the QRB within the same period. 
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Fig. 2.4. (a) 8-day annual average cloud coverage of MODlOAl, MOD10A2, and SF from 
2000-2007 and (b) 8-day annual average runoff of Quesnel River and SCF of MOD10A2 
and SF from 2000-2007 in the QRB. 
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and SF in the QRB during snow ablation seasons from 2000-2007. 
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Fig. 2.6. Lagged correlation coefficients (p<0.001) between 8-day maximum SCE from SF 
and MOD10A2 (a) in the QRB and streamflow of QR and (b) in the Horsefly River 
subbasin and streamflow of Horsefly during snow ablation seasons from 2000-2007. 
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Fig. 2.7. Scatter plots between (normalized) SCE and (normalized) streamflow during 
snow ablation seasons from 2000-2007 in the QRB. 
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Fig. 2.8. (a) Monthly average air temperature and (b) accumulated precipitation (since 1 
September) in the QRB from 2000-2007. 
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and R5O% during snow ablation seasons from 2000-2007 in the Q R B . 
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Table 2.1. Identification, location, elevation, and coordinates of the nine in-situ station sites. 
A "*" represents the stations whose snow depth measurements are used in this paper. 
Station Name Station ID 
Longitude 
(°W) 
Latitude 
(°N) 
Elevation 
(m) 
Barkerville 1A03P 121.48 53.05 1520 
* 
Barkerville 1090660 121.52 53.07 1265 
* Boss Mountain Mine 1C20P 120.87 52.12 1460 
Horsefly LK Gruhs LK* 1093600 121.37 52.37 777 
Kersley 2 1094127 122.42 52.82 567 
Likely N/A 121.52 52.60 983 
Quesnel A 1096630 122.52 53.03 545 
Williams Lake A 1098940 122.05 52.18 940 
Yanks Peak East* 1C41P 121.35 52.83 1670 
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Table 2.2. Confusion Matrix for MODIS snow products and in-situ observations (Pu et al., 
2007). 
In-situ; MODIS Snow No snow 
Snow a b 
No snow c d 
Table 2.3. The number of cloudy days for MODlOAl, MOD10A2, and SF snow products 
for 5x5 pixel2 and total number of days when the in-situ observations are available. The 
numbers in parentheses are percentage of cloudy days compared to the total days. 
Stations 
Cloudy days Days (in-situ) 
MODlOAl MOD10A2 SF Daily 8-day 
HLGL 1725(64.2) 38(10.5) 13(3.6) 2684 361 
Barkerville 1624(65.3) 39(10.6) 17(4.7) 2498 361 
BMM 1584(66.8) 48(13.2) 29(8.0) 2372 361 
YPE 1760(71.9) 62(17.2) 44(12.1) 2446 361 
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Table 2.4. The overall accuracy (OA), underestimation errors (UE), and overestimation 
errors (OE) for MODlOAl, MOD10A2, and SF according to in-situ observations with 
threshold k = 2 cm for 5X5 pixel2. 
Stations 
MODlOAl (%) MOD1QA2 (%) SF (%) 
OA UE OE OA UE OE OA UE OE 
HLGL 90.08 4.88 4.44 90.09 4.95 4.95 93.1 5.17 1.72 
Barkerville 85.95 9.34 4.71 86.69 8.84 4.48 87.89 8.69 3.42 
BMM 73.48 25.13 1.4 82.43 16.29 1.28 84.04 14.76 1.2 
YPE 67.35 32.07 0.58 75.92 23.41 0.67 76.45 23.11 0.45 
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Table 2.5. Statistics of the intercomparison between MOD10A2, SF and in-situ 
observations from 2000-2007 for the retrieval method of 5x5 pixel2. 
Stations 
(OA) Land type 
MQD10A2 SF 
snow land cloud snow land cloud 
HLGL 
MOD10A2: 90.09% 
SF: 93.10% 
snow(140) 
103 16 21 114 18 8 
73.57% 11.43% 15.00% 81.43% 12.86% 5.71% 
land(221) 
16 188 17 6 210 5 
7.24% 85.07% 7.69% 2.71% 95.02% 2.26% 
Barkervillle 
MOD10A2: 86.69% 
SF: 87.89% 
snow(211) 
land(150) 
152 37 22 162 39 10 
72.04% 17.54% 10.43% 76.83% 18.48% 4.74% 
8 125 17 5 138 7 
5.33% 83.33% 11.33% 3.33% 92.01% 4.66% 
BMM 
MOD10A2: 82.43% 
SF: 84.04% 
snow(257) 
170 51 36 185 49 23 
66.15% 19.84% 14.01% 71.98% 19.07% 8.95% 
land(104) 
4 88 12 4 94 6 
3.85% 84.62% 11.53% 3.85% 90.38% 5.77% 
YPE 
MOD10A2: 75.92% 
SF: 76.45% 
snow(285) 
161 70 54 166 78 41 
56.49% 24.56% 18.95% 58.25% 27.37% 14.39% 
land(76) 
2 66 8 3 70 3 
2.63% 86.84% 10.52% 3.95% 92.11% 3.95% 
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Table 2.6. SCF50% and R50% and their Julian days. 
2000 2001 2002 2003 2004 2005 2006 2007 
mean Standard 
deviation 
SCF5O% 4/18 4/19 5/10 3/27 4/10 3/25 4/14 4/19 4/12 -
Day of year of SCFso% 109 109 130 86 101 84 103 109 103 14 
R-50% 5/24 5/26 5/28 5/20 5/18 5/7 5/20 5/22 5/20 -
Day of year of R5o% 145 146 148 140 139 127 140 142 140 6 
Table 2.7. The annual maximum snow depth measured at the four in-situ stations (unit: cm) 
Stations 2000 2001 2002 2003 2004 2005 2006 2007 mean 
Standard 
deviation 
HLGL 55 40 59 42 63 51 49 59 52 8 
Barkerville 115 118 128 102 115 108 104 113 
113 8 
BMM 275 161 312 129 157 147 170 183 191 65 
YPE 215 191 257 161 199 204 180 239 205 31 
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Chapter 3: Topographic control of snow distribution in an alpine 
watershed of western Canada inferred from spatially-filtered 
MODIS snow products 
Tong, J., Dery, S. J., and Jackson, P. L., 2009, Topographic control of snow distribution in 
an alpine watershed of western Canada inferred from spatially-filtered MODIS snow 
products, Hydrol. Earth Syst. Sci., 13, 319-326. 
Published version is available at: 
http://www.hydrol-earth-syst-sci.net/13/319/2009/hess-13-319-2009.html 
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3.1. Introduction 
Snow plays a vital role in the energy and water budgets of drainage basins in northern British 
Columbia (BC) and many other mountainous regions. For instance, snowmelt contributes up 
to 90% of the annual runoff in high elevation basins of the Rocky Mountains, United States 
(Schmugge et al. 2002). In northern mountainous areas, snow supplies large amounts of 
water for human consumption (Barnett et al. 2005). A number of studies have shown that, for 
the latter half of the 20th century, snow has decreased significantly during spring over North 
America and Eurasia in response to rising air temperatures (Brown 2000, Stone et al. 2002, 
Groisman et al. 2004, Mote 2006, Dery and Brown 2007). The snow cover extent (SCE) and 
snow cover duration (SCD) are important parameters for various hydrologic models to 
predict the seasonal water supply, runoff, and flooding risk in watersheds dominated by 
snowmelt (Hall 1988, Jain and Lall 2000, Yang et al. 2003). 
The heterogeneous distribution of snow cover at the local to regional scale arises from 
variability in meteorological (precipitation, temperature, radiation and wind), topographical 
(elevation, slope, and aspect), and vegetative controls, among others. In mountainous regions, 
elevation is often presumed to be the dominant factor affecting snow cover distribution. 
Snow surveys are useful to determine the relationship between fixed point snow observations 
with the mean values in a local area (Neumann et al. 2006); however, this approach is not 
suitable in a large region with complex topography. Therefore, remote sensing snow cover 
products have been widely adopted to assess snow distributions in many areas. For instance, 
the spring snow cover in the Canadian Arctic is evaluated according to the National Oceanic 
and Atmospheric Administration (NOAA) weekly snow cover dataset (Wang et al. 2005). 
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Spatial gradients in spring SCD in the Canadian Arctic over a range of elevations from 1 to 
700 m are assessed from the NOAA weekly snow cover dataset by Brown et al. (2007). Pu et 
al. (2007) use the Moderate Resolution Imaging Spectroradiometer (MODIS) snow data 
products at 0.05° resolution (MOD10C2) to evaluate the seasonal variations of snow cover 
over the Tibetan Plateau. So far, the snow cover distribution in the high elevation sub-boreal 
forest of western Canada has received limited attention owing to the complex topography and 
the associated limited accuracy of remote sensing products. Therefore, the Quesnel River 
Basin (QRB), a representative, high elevation watershed in the sub-boreal forest of BC, 
Canada, is selected as a test site to first validate the remote sensing products and then to 
analyze the relationships between complex topography and snow cover. 
MODIS has global daily snow cover products (MODlOAl) and global 8-day maximum snow 
cover products (MOD10A2) at 500 m resolution, which are highly suitable to analyze the 
snow cover within an area of about 10,000 km2 (Hall et al. 2002). Snow can be discriminated 
from other features such as clouds due to higher Normalized Difference Snow Index (NDSI) 
values (Hall et al. 1998). The MODIS snow maps use a conservative cloud mask to 
determine clouds with the MODIS cloud mask data product (MOD35JL2) (Riggs et al. 2006). 
Since optical remote sensing cannot obtain signals of the overcast surface, cloudiness 
strongly affects the quality of the snow cover products. The main goal of this study is to 
determine the topographic control on snow distribution in a mountainous watershed of 
western Canada based on MODIS snow products from February 2000 to December 2007. To 
this end, a spatial filter (hereinafter SF) method is evaluated by comparing the means and 
standard deviations of SCDs and snow cover fractions (SCFs) retrieved from both the 
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original and filtered MOD10A2 products. We first reduce cloudiness with a SF method to 
reclassify the MOD10A2 data. Then the accuracy of the SF is assessed using ground-based 
observations followed by an analysis of the relationships between topography, SCF, and SCD 
based on the original and filtered snow products. Owing to the sparseness of in-situ snow 
depth stations in northern BC, remotely sensed snow products are particularly useful to 
analyze the topographic control on snow distribution. Our spatial filter is a simplified method 
compared to others (e.g., Parajka and Bloschl, 2008) to improve the MODIS snow products 
but provides improved accuracy for this application. 
3.2. Study Area 
The QRB, which is centered near 52.5°N and 121°W in the northern part of the Fraser River 
Basin, BC, covers an area of about 12,023 km2 with a wide range of topography, land use 
and meteorological conditions (Fig. 3.1). The total areas of elevation bands <1000 m, 1000-
1500 m, 1500-2000 m, 2000-2500 m, and >2500 m; account for: 36.1%, 35.6%, 23.8%, 
4.25%, and 0.15% of the basin, respectively, with an overall mean of 1370 m. The total areas 
of slopes: <5°, 5°-15°, and >15°; account for: 45.8%, 42.4%, and 11.8%, respectively, with an 
area of about 40 km2 (0.35%) over 40°. The distributions of west, south, east, and north 
aspects are similar at about 25% (Fig. 3.2). Quesnel Lake, a dominant feature of the basin, 
covers an area of about 271 km2 at a mean elevation of -730 m. To the east lies the 
headwaters of the watershed that are covered mainly by alpine tundra and glaciers, with old 
growth forests below the treeline (i.e. <1700 m). Further west are several towns, young forest 
growth and agricultural regions. 
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3.3. Data and Methods 
A MODIS instrument on-board the Earth Observing System (EOS) Terra satellite was 
launched on 18 December 1999 and orbits from north to south across the equator at ~ 10:30 
a.m. local time. The SNOWMAP algorithm developed for MODIS allows the automatic 
generation of SCE maps at a 500 m scale (Hall et al. 1995, 2002). Daily or 8-day global 
snow cover products with 500 m to ~5 km spatial resolution are thus available through the 
Distributed Active Archive Center at the National Snow and Ice Data Center (NSIDC; 
http://nsidc.org). 
The MODIS data used here include daily snow cover maps (MODlOAl) and 8-day 
maximum snow cover maps (MOD10A2) from February 2000 to December 2007. To date, 
the transition from Version 4 (V4) to Version 5 (V5) of these products is not yet complete; 
therefore, we mainly use V5 data in combination with some V4 data, noting that there is less 
than 1% difference between the two versions (Hall, personal communication, 2008). V5 data 
begin on 23 March 2000 and end on 13 September 2005 and also cover all of 2007. V4 data 
span from 24 February 2000 to 22 March 2000 and from 14 September 2005 to 31 December 
2006. Tile hl0v03 covers the entire study area of the QRB. The MODIS Reprojection Tool 
(MRT) is used to resize and reproject the tile data to BC Albers equal area conic projection 
with batch processing code. The digital elevation model (DEM) used in this study is the 
Global Land One-kilometer Base Elevation (GLOBE) data set provided by the National 
Geophysical Data Center (NGDC; http://www.ngdc.noaa.gov/mgg/topo/globe.html), which 
is interpolated to the 500 m resolution of the MODI OA products by a nearest neighbor 
interpolation method. 
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Even though the accuracy of the MODIS snow cover maps is about 90% in cloud-free pixels 
(Dery et al. 2005, Zhou et al. 2005, Hall and Riggs, 2007), clouds can prevent the optical 
sensors from detecting snow cover for extended periods, lowering the temporal resolution of 
the data. The 8-day mean cloud coverage in the QRB according to MODlOAl ranges from 
40% to 85%, preventing a useful application of daily snow cover maps to the area. However, 
the 8-day maximum snow cover map forms a temporal filter that decreases cloud coverage 
with maximum value from 80% (MODlOAl) to 14% (MOD10A2) in the QRB (Fig. 3.3). 
However, about 20% cloud coverage remains during winter such that the SF is adopted to 
decrease the cloud coverage and improve the accuracy of snow mapping of MOD10A2 in the 
QRB. The relationship between annual cloud coverage days and elevation shows that annual 
cloud coverage days increase with elevation (not shown). 
Tong et al. (2009) describe in detail the application of the SF to the QRB, so only a brief 
summary of this technique is described here. In the SF method, the snow maps are 
reclassified as snow, no snow, and cloud. A cloud-covered pixel is replaced by the majority 
of non-cloud pixels in the eight closest neighborhood pixels. If the number of pixels with 
snow equals the number without snow, the center pixel is defined as snow. However, if all of 
the eight closest neighborhood pixels are cloud-covered, the center pixel is still classified as 
cloudy. The accuracy of the SF products over 2000-2007 is evaluated following the method 
used by Parajka and Bloschl (2008) with three fixed point snow depth observations in the 
QRB (Fig. 3.1). Based on these measurements, the SF improves the accuracy of the snow 
mapping by ~2% over the original MOD10A2 data (Table 3.1). At the Horsefly Lake/Gruhs 
Lake station, situated at an elevation of 777 m, the accuracy of the SF product is about 91.5%. 
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However, the accuracy of the SF data declines with elevation, with values of 82.7% at Boss 
Mountain Mine (1460 m) and 74.2% at Yanks Peak (1670 m), respectively owing to the 
more complex topography in the higher elevations of the basin. In sum, the SF decreases the 
cloud coverage to about 10% in the QRB while increasing its accuracy (Fig. 3.3). 
In this paper, the SCF for a given elevation band is defined as the ratio of snow-covered area 
to the total elevation band area. A mean annual cycle of 8-day SCF is then computed based 
on the 2000 to 2007 MODIS snow cover data. In addition, SCF between every 100 m 
elevation bands and different combinations of slopes and aspects are also calculated (Table 
3.2). As shown later (Fig. 3.3), according to the SCF annual cycle in the QRB, the snow 
onset season typically begins on 1 September and ends on 31 December, while the snowmelt 
season in the QRB typically ranges from 1 March to 30 June. SCD is defined as the number 
of days with snow cover on the ground in different snow seasons. The snowmelt season SCD 
is easier to determine than the end-dates of continuous snow cover owing to its discontinuous 
nature during the melt season. Also, Brown (2006) finds that SCD is a more sensitive 
indicator of change than the end date of continuous snow cover based on trends in the 
Mackenzie Basin since 1945. SCD is calculated for each pixel in the QRB. For a given pixel, 
if the snow products appear AT times as snow in the snow season, the SCD is iVx8 (days). The 
standard deviation of SCD for a given pixel is calculated according to its 7 SCD values for 
each snow season from 2001 to 2007, since MODIS/Terra began to obtain data after 24 
February 2000. The mean and standard deviation of SCD for each 10 m elevation band are 
calculated by averaging the SCD statistics of all pixels in the given 10 m elevation band. The 
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changes of SCD with elevation (z), d(SCD)/dz, are computed by averaging the differences of 
SCDs for every 100 m intervals according to the mean SCD for each 10 m elevation band. 
3.4. Results 
3.4.1. Relationships between topography and SCF 
The annual cycle of SCF in 500-m elevation bands is calculated from the MOD10A2 and SF, 
respectively (Fig. 3.3). Compared to the original MOD10A2 product, the spatially-filtered 
data show more snow cover for the different elevation bands. The SF increases SCF in the 
QRB with maxima of 5.3%, 8.9%, 13.5%, 13.7%, and 15.6% in the elevation bands of <1000 
m, 1000-1500 m, 1500-2000 m, 2000-2500 m, and >2500, respectively. The SF increases 
SCF in the QRB on average by 1.6%, 2.9%, 6.1%, 8.0%, and 6.9% during the snow onset 
season and on average by 1.0%, 3.1%, 7.8%, 8.9%, and 6.7% during the snowmelt season in 
these 5 elevation bands. All SCFs at different elevations reach a maximum of over 95% on 
18 February and a minimum of near zero on 5 August. Above 2500 m, the SCFs remain near 
95% during winter and around 85% during summer, except for 7 of the 46 SCFs under 80%, 
implying the presence of a perennial snow cover or glaciers. Even at altitudes <1000 m, the 
method indicates about 2.5% snow cover in summer, an unrealistic feature of the MODIS 
data that may be attributed to the presence of fog, shadowing effects, and/or low illumination 
in valleys or on shaded slopes in mountainous terrain (Riggs and Hall, personal 
communication, 2008). Ablation of SCF begins earlier at lower elevations with the dates of 
SCF = 50%) occurring around 7 April, 23 April, 1 June, and 17 June in the elevation bands of 
<1000 m, 1000-1500 m, 1500-2000 m, and 2000-2500 m, respectively. 
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Fig. 3.4a shows the effects of elevation on SCF depletion during the snowmelt season. At the 
end of February, almost all elevation bands have SCF > 80%; however, at the end of March, 
elevations < 1200 m begin to ablate out. At the different given times, the gradient of SCF 
with elevation (d(SCF)/dz) from SCF of 10% to 80% during snowmelt seasons are similar 
with 8% (100 m)"1. In addition, all the SCF depletion curves ranging from 10% SCF to 80% 
SCF with elevations are nearly parallel, implying the SCFs deplete along elevations at a 
similar rate even at different given times. Furthermore, between values of 10% to 80%, the 
SCF exhibits a linear relationship with elevation, with a correlation coefficient of 0.98 
(p<0.001). Fig. 3.4b shows the average ablation rates of SCF from 26 February to 26 June 
and their standard deviations for every 100 m bands. At elevations from 500 m to 1500 m, 
the average ablation rates of SCF are nearly identical at 5.5% (8 days)"1. However, from 1500 
m to 3000 m, the average ablation rates of SCF decrease with elevation to near 0% (8 days)" 
'at the highest points in the basin. The bars show the standard deviations of the ablation rates 
of SCF every 8 days from 26 February to 26 June in the different 100 m elevation bands. The 
standard deviations are large compared to the average ablation rates of SCF, implying that 
these are highly variable. However, because the areas over 2000 m are small, the large 
standard deviations of ablation rates of SCF are perhaps caused by cloud coverage instead of 
the real melt of snow there. For every 100 m elevation band, 14 March always experiences 
the greatest ablation rate of SCF compared with other melt rates of SCF in the same elevation 
band. The average maximum ablation rate of SCF across all elevation bands is 23.1% (8 
days)"1 ranging from 13.6% (8 days)"1 at the 2400-2500 m elevation band to 38.5% (8 days)"1 
at the 400-500 m elevation band. 
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Slope and aspect affect the snow accumulation and snowmelt owing to different radiation 
and energy balances, as well as potentially to different accumulation regimes due to 
windward/leeward effects. Twelve different combinations of slope and aspect in the QRB are 
listed in Table 3.2. The west-facing areas account for about 27.9% of the QRB followed by 
24.6%, 23.8%), and 23.7%) for south-facing, north-facing, and east-facing aspects, 
respectively. Fig. 3.5 shows the average annual cycle of SCF for different slopes and aspects. 
From September to March, the east-facing areas always have the most SCF in all the slopes, 
which may be the result of enhanced precipitation and/or preferential snow redistribution by 
wind. In areas with slopes <5°, the south-facing aspects always have the lowest SCF from 
September to March. In areas with slopes > 5°, south-facing areas always have the lowest 
SCF in September, October, November, and March along with the lowest SCF in north-
facing areas in December, January, and February. In addition, the maximum differences of 
SCF between different aspects from September to March are 9.9%, 13.1%, and 19.3% for the 
areas with slope <5°, 5°-15°, and >15°, respectively. During the snowmelt season from March 
to June, the north-facing (south-facing) areas always experience the most (least) SCF for all 
slopes. This is partly because the snow cover on the north-facing (south-facing) areas 
receives less (more) solar insolation and thus melt slower (faster) than over flat terrain. The 
maximum difference of SCF between north-facing and south-facing areas during the 
snowmelt season are 6.9%, 13.1%, and 20.9% for slopes <5°, 5°-15°, and >15°, respectively. 
61 
J. Tong: Remotely sensed snow distribution and hydrometeorology 
3.4.2. Relationships between topography and SCD 
The SCDs for different seasons at each pixel are calculated every year. Since there are no 
data prior to 14 February 2000, the mean SCDs for different seasons of each pixel cover only 
2001 to 2007 (Fig. 3.6). The left panel of Fig. 3.6 presents results from the original 
MOD10A2 product, whereas the right panel shows results from the SF data. Despite similar 
trends, there are some notable differences in the values of SCDs. For the higher areas in the 
northeastern portion of the QRB, the spatially-filtered SCD exhibits a much larger perennial 
snow cover than does the original MODIS data. 
The topographical control on SCD is clearly illustrated in Fig. 3.7. The maximum differences 
of SCDs between SF and MOD10A2 are 15, 15, and 42 days for the snow onset, snowmelt, 
and entire year periods, respectively, with the SF method always indicating a longer SCD. 
Points showing significant decreases in SCD at elevations of 730 m are associated with 
Quesnel Lake (Fig. 3.1). Table 3.3 lists quantitative information on the relationship between 
SCD and elevation. The SCD based on the SF shows higher correlations to elevation than the 
original MOD10A2 data. The correlation coefficients between SCD and elevation are all 
>0.96 (jPO.OO l ). The mean values of d(SCD)/dz for the snowmelt season are 4.3 days (100 
m)"1 and 3.8 days (100 m)"1 for MOD10A2 and SF, respectively. The difference of mean 
values of d(SCD)/dz between the SF and MOD10A2 is about 0.5 day (100 m)"1 for all snow 
seasons with the former exhibiting larger gradients. The standard deviations of SCDs for 
every 10 m elevation band from 2001 to 2007 for different snow seasons are also shown in 
Fig. 3.7. For both MOD10A2 and SF, the standard deviations increase with elevations lower 
than about 1000 m, then decrease with elevations from 1000 m to 1500 m for all time periods. 
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In the elevations 1500-2000 m, the standard deviations increase again for all time periods. 
For the elevations >2000 m, the standard deviations in the snowmelt season and entire year 
continue increasing; however, the standard deviations in the snow onset season decrease due 
to perennial snow above 2000 m a.s.l. In this circumstance the standard deviation of SCD at 
the snow onset season will therefore be lower compared to that at lower elevations. The 
standard deviations from MOD10A2 are larger than those of the SF with a maximum 
difference around 0.6 days, 0.9 days, and 1.0 days for the snow onset season, snowmelt 
season, and entire year, respectively. 
3.5. Concluding Discussion 
Clouds often prevent the application of optical remote sensing to detect snow cover, 
especially in mountainous terrain. Although MOD10A2 decreases cloud coverage 
significantly compared to MODlOAl, the SCFs still show temporal discontinuities due to 
cloud coverage. A spatial filter reduces the cloud coverage from about 20% in the original 
MOD10A2 product to about 10% and provides increased accuracy from 81.3% of 
MOD10A2 to 83.8%) of SF in mapping snow cover over the complex topography of the QRB. 
In this paper, the fractions of points that are in-filled by the SF range from 0% to 10% at 
most. Furthermore, the standard deviations of the elevation for every 3x3 cells around every 
center pixel indicate that the distribution of elevations of the neighboring 3x3 cells is 
relatively homogeneous compared to the elevation of the center pixel (not shown). Therefore, 
application of the SF method using information from neighboring cells did not seem to 
change the distribution trends of snow cover fraction and snow cover duration. Any 
differences that are introduced by the SF would cause increased variance in the results, but 
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should not bias the average for a particular slope, aspect or elevation, especially when 
averaged over a very large number of pixels. 
Snow cover shows significant temporal variability at different elevations. Based on the SF, 
the SCFs in all elevations found in the QRB reach the expected wintertime maximum of over 
95% and attain a summertime minimum of about 5% for the area under 2000 m, and a 
summertime minimum of about 15% for the area from 2000-2500 m. The SF data show a 
larger SCF than MOD10A2 owing to the elimination of clouds. The SCFs of the SF in the 
area over 2500 m are always near 95% during winter and near 85% during summer, 
suggesting the presence of perennial snow cover and/or glaciers there. Fog, shadowing, 
and/or low illumination in valleys or on shaded slopes in mountainous terrain may contribute 
to erroneous surface mapping such as the appearance of snow at lower elevations during 
summer. 
The SCF depletion curves from 10% to 80% are almost linear with a gradient of SCF with 
elevation (d(SCF)/d(z)) of about 8% (100 m)"1 during snowmelt seasons. At elevations from 
500 m to 1500 m, the average ablation rates of SCF from 26 February to 26 June for different 
100 m elevation bands are similar with 5.5% (8 days)"1 with decreasing values to near 0% (8 
days)"1 at elevations > 2500 m. Within every given 100 m elevation band, ablation rates of 
SCF at every 8 days are very different from each other. However, the highest ablation rates 
of SCF at every elevation band always occur on 14 March with a maximum value of 38.5% 
at the 400 m elevation band. Slopes and aspects also affect the SCF annual cycle significantly. 
During the snow seasons from September to the following March, the east-facing areas 
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always have the most SCF in all the slopes; however, the north-facing areas always have the 
most SCF in all the slopes during snowmelt seasons. The maximum difference resulting from 
different slopes and aspects is 20.9% when comparing the SCF between south-facing areas 
and north-facing areas on 17 May. 
The SCDs show considerable spatial variability based on their 2001-2007 averages owing to 
the complex topography in the QRB. The longest snow seasons occur in the mountainous 
regions of the QRB, with decreasing SCDs from east to west along the steep gradient in 
elevation. The shortest SCDs occur over Quesnel Lake that does not freeze in winter. Based 
on the SF, the mean values of d(SCD)/dz, are 3.8 days (100 m)"1, 4.3 days (100 m)"1, and 11.6 
days (100 m)"1 for the snow onset season, snowmelt season and entire year, respectively. 
However, since the MOD10A2 data can only obtain maximum values of 106 days, 103 days, 
and 310 days for snow onset season, snowmelt season and entire year, respectively, the mean 
values of d(SCD)/dz are about 0.5 days (100 m)"1 less than those from SF data. Owing to the 
cloud coverage, SCDs of MOD10A2 vary more greatly than those of the SF from year to 
year in the different elevations. The mean values of d(SCD)/dz for the snowmelt season in 
the QRB are comparable to values of 5.4 days (100 m)"1 in the Eastern Alps (McKay and 
Gray 1981) and 3.4 days (100 m)"1 in the central Canadian Arctic tundra (66-74°N, 80-120°W) 
(Brown et al. 2007). 
Compared to other work on the SCF temporal variations in other places such as the Tibetan 
Plateau (Pu et al. 2007) and Upper Rio Grande River Basin (Zhou et al. 2005) with MODIS 
snow products, our research reduces the cloud coverage in the snow products to improve 
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their quality. Even though some results of snow simulations and observations have discussed 
the heterogeneity of snow distributions, they have mainly focused on small or local areas of 
about 150 km2 or less (e.g., Bloschl et al. 1991, Dery et al., 2004). However, those methods 
are not necessarily suitable for a larger domain such as the QRB. Although Baral and Gupta 
(1997) have used some remotely sensed data to explore the relationships between topography 
and snow distribution, they only compare SCE with differences in slope and aspect and not 
SCF and SCD as was done in the present study. However, SCE is not the best method to 
evaluate the snow distribution owing to the different percentages of different slopes and 
aspects. Our research takes advantage of the MODIS snow products for assessing SCF and 
SCD across larger areas. The temporal and spatial distributions of SCF and SCD instead of 
SCE in different elevations, slopes and aspects in the QRB reveal with accuracy the 
topographic controls of snow distribution in complex mountainous terrain. Future work may 
provide further details on the relationships between the distribution and persistence of snow 
cover, hydrometeorology and topography of alpine basins as the resolution of snow products 
and DEM improves. As an example, Tong et al. (2009) show that there exits significant 
anticorrelations between MODIS normalized SCE and normalized streamflow based on 
gauge observations during snow melt seasons, with more significant relations when the SF 
method (rather than the original MODIS product) is used. 
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Fig. 3.1. Topographic map of the Quesnel River Basin region with the basin outlined. 
Slopes > 15° are shown within light lines on the eastern half of the map. 
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Fig. 3.2. The distribution of terrain in the Quesnel River Basin by (a) elevation, (b) slope 
and (c) aspect calculated from the Global Land One-kilometer Base Elevation (GLOBE) 
digital elevation model. 
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Fig. 3.3. (a) The average annual cycle of cloud coverage of different snow products; (b) the 
MOD10A2 and (c) spatial filtered snow cover fraction (SCF) distribution in different 
elevation bands 2000-2007. The solid line in (b) and (c) denotes a 50% SCF. 
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Fig. 3.4. (a) The mean elevational dependence of snow cover fraction (SCF) for the months 
of February to July, 2000-2007. (b) The mean (points) and standard deviation (bars) of the 
rate of change in SCF at different elevations, 26 February to 26 June, 2000-2007. 
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M0D1QA2 Spatial Filter 
Fig. 3.6. The snow cover duration (SCD) for different periods across the Quesnel River 
Basin based on the MOD10A2 (left) and spatial filtered (right) products, 2001-2007. The 
SCD days for the entire year equal 3 times the values in the legend. 
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Fig. 3.7. The mean (left) and standard deviations (right) of snow cover durations for 10-m 
elevation bands for 3 seasons based on the MOD10A2 and spatial filtered products, 2001-
2007. 
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Table 3.1. Accuracy of MODIS snow products based on the comparison between 
MOD10A2, spatial filtered products and in-situ observations at three different stations. A 
threshold snow depth of 2 cm is used to classify snow at in-situ stations. 
Stations Coordinates Elevation, m MOD10A2, % SF, % 
Horsefly Lake/Gruhs Lake 52.37°N, 121.37°W 777 88.9 91.5 
Boss Mountain Mine 52.12°N, 120.87°W 1460 81.3 82.7 
Yanks Peak East 52.83°N, 121.35°W 1670 73.9 74.2 
Table 3.2. The percentage of area with different slopes and aspects in the Quesnel River 
Basin (%). 
Aspect 
Slope 
East South West North All 
<5° 10.7 10.4 12.6 12.1 45.8 
5°~15° 10.1 11.3 11.7 9.3 42.4 
>15° 2.9 2.9 3.6 2.4 11.8 
All 23.7 24.6 27.9 23.8 100.0 
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Table 3.3. The correlation coefficients (/?<().001) between snow cover durations and 
elevations within different periods and the corresponding d(SCD)/dz (days (100 m)1) in 
parentheses. 
Snowmelt season Snow onset season Entire year 
SF 0.99(4.31) 0.96(3.76) 0.96(11.61) 
MOD1QA2 0.98(3.94) 0.93(3.42) 0.94(11.26) 
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Chapter 4: Testing snow water equivalent retrieval algorithms for 
passive microwave remote sensing in an alpine watershed of 
western Canada 
Tong, J., Dery, S. J., Jackson, P. L., and Derksen, C., 2009, Testing snow water equivalent 
retrieval algorithms for passive microwave remote sensing in an alpine watershed of western 
Canada, submitted to Can. J. Remote Sens. 
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4.1. Introduction 
Snow water equivalent (SWE) is an important parameter in various hydrometeorological 
systems in northern and high elevation watersheds (Jain and Lall, 2000; Dery et al., 2004, 
2005; Yang et al., 2003, 2007; Dyer, 2008). Global and regional warming has led to changes 
in snow accumulation including declines and earlier dates of maximum SWE in North 
America (Mote et al., 2005; Mote, 2006; Stewart et al., 2005). Significant relationships 
between SWE and discharge of rivers have been found in the snowmelt-dominated 
watersheds where the spring freshet dominates the annual hydrological cycle (Stewart et al., 
2005; Mote, 2006; Yang et al., 2007; Dery et al., 2005, 2007; Barnett et al., 2005). 
SWE mapping from satellite passive microwave data is an important but difficult goal. Snow 
and the ground surface emit microwave radiation and a deeper snow cover attenuates the 
microwave radiation from the snow and underlying ground owing to the scattering effects of 
snow grains There is an inverse relationship, therefore, between snow depth and microwave 
brightness temperature (TB). Normally the TB difference between the 19 and 37-GHz bands 
is utilized to retrieve the snow depth and SWE (Chang et al., 1987; Goodison and Walker, 
1995). However, disagreement can be high between satellite-derived snow depth and ground 
measurements owing to the coarse spatial resolution of the passive microwave measurements 
and the simplistic assumptions of empirical retrieval schemes (Tait and Armstrong, 1996). 
The Special Sensor Microwave/Imager (SSM/I) and Advanced Microwave Scanning 
Radiometer (AMSR-E) are comprehensively used to retrieve SWE (Chang et al., 1987; 
Goodison and Walker, 1995; Derksen et al., 2003, 2008). In Canada, the Climate Research 
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Division of Environment Canada (EC) has developed, validated, and applied passive 
microwave satellite data to the retrieval of snow covered area (SCA), SWE and snowpack 
state for several regions of Canada (Derksen et al., 2003). Since different landscapes affect 
the microwave radiation in disparate ways, the prairies, boreal forest, and tundra, have 
different algorithms for SWE retrieval. Goodison et al. (1986) develop an empirical 
algorithm based on airborne microwave radiometer data for mapping SWE in the prairie 
region of western Canada from SSM/I data. However, algorithms developed for prairie 
environments are not suitable for forested regions, as they generally underestimate SWE 
owing to vegetation effects. Goita et al. (2003) developed separate algorithms for SWE 
retrieval from Scanning Multichannel Microwave Radiometer (SMMR) and SSM/I for 
different forest landscapes including deciduous, coniferous and sparse forest covers. Derksen 
(2008) extended the SWE retrieval capability to deeper snow conditions by utilizing 19 and 
10 GHz measurements from AMSR-E. Tedesco et al. (2003) successfully trained an artificial 
neural network (ANN) to retrieve SWE and snow depth from SSM/I in Finland. However, 
these algorithms have not been evaluated in the forested mountains of western Canada. In 
this paper, the EC algorithms, various combinations of different channels of SSM/I and 
AMSR-E, and an ANN based on different channels of SSM/I and AMSR-E are tested and 
evaluated based on in-situ observations of SWE in the Quesnel River Basin (QRB), British 
Columbia (BC), Canada. 
4.2. Research Area 
The QRB, which is one of the 13 main sub-basins in the Fraser River Basin, BC, Canada, is 
centered near 52.5°N and 121°W. The QRB covers an area of about 11,500 km2 including 
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about 26 Equal-Area Scalable Earth-Grid (EASE-Grid) cells with a range of topography, 
meteorological conditions and land uses across the watershed. Elevation ranges from ~ 500 
m in the western part to 3000 m in the eastern part with an average elevation of 1375 m. The 
slopes in the QRB reach a maximum value about 40° (Tong et al., 2009). The precipitation 
across the QRB ranges from 500-2500 mm yr"1, while the annually mean air temperature in 
the QRB ranges from 1.5-7.1 °C (Burford et al., 2009). Three SWE in-situ stations operated 
by the BC Ministry of Environment are located around the QRB. According to the 2004 
MODIS International Geosphere-Biosphere Programme (IGBP) 1 km land cover products, 
coniferous forests account for about 64% of the land surface, followed by sparse forest with 
15%), deciduous forest with 14%, and open area with 7% in the QRB (Fig. 4.1). The 
coniferous forest covers respectively 70%, 79%, and 96%) of the land surface in the EASE-
Grid cells that include the three in situ stations of Yanks Peak East (YPE), Boss Mountain 
Mine (BMM), and Barkerville (Fig. 4.2). 
4.3. Data 
4.3.1. TB of SSM/I 
The SSM/Is, first launched in June 1987, have been flown on the U.S. Defense 
Meteorological Satellite Program DMSP F-8, F-10, F- l l , F-13, F-14, and F-15 to provide 
continual monitoring of the Earth's surface. The channels of the SSM/I sensor include both 
horizontally and vertically polarized channels at 19.35, 37.0, and 85.5 GHz and a vertical 
polarization at 22.235 GHz. Ascending and descending orbit data from SSM/I are available 
every day, which nearly cover the entire globe at 25 km resolution daily except some small 
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diamond-shaped areas near the equator and circular sectors of 2.4° latitude surrounding the 
north and south poles (Armstrong and Brodzik, 1995). In this paper, the daily SSM/I North 
EASE-Grid TB at 25 km resolution from ascending and descending orbits between 2003-
2007 were downloaded from the National Snow and Ice Data Center (NSIDC) in Boulder, 
Colorado (ftp://sidads.colorado.edu/pub/DATASETS/brightness-temperatures/polar-
stereo/tools/). 
4.3.2. TB of AMSR-E 
The Advanced Microwave Scanning Radiometer (AMSR-E) is the passive microwave 
radiometer on board the NASA Aqua platform, launched in May 2002. AMSR-E has both 
horizontally and vertically polarized channels at 6.925, 10.65, 18.7, 23.8, 36.5 and 89 GHz 
(http://www.ghcc.msfc.nasa.gov/AMSR/). The lower frequencies of 6.925 and 10.65 GHz 
are not available from SSM/I. In addition, AMSR-E has higher native spatial resolution with 
12 km at 36.5 GHz compared with 25 km for SSM/I 37 GHz. In this paper, the daily AMSR-
E North EASE-Grid TB at 25 km resolution from ascending and descending orbits between 
2003-2007 were downloaded from the National Snow and Ice Data Center (NSIDC) in 
Boulder, Colorado (ftp://sidads.colorado.edu/pub/DATASETS/brightness-
temperatures/easegrid/amsre/). 
4.3.3. In situ meteorological data 
There are three in-situ observation stations (YPE, BMM, and Barkerville) with automated 
snow pillows near the QRB that are operated by Ministry of Environment, BC, Canada (see 
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Table 4.1 and Fig. 4.1). All stations measure snow depth, SWE, air temperature, and 
precipitation on an hourly basis, with the data available online 
(http://alOO.gov.bc.ca/pub/aspr/). Although there is potentially a maximum 10% error in the 
SWE measured by the snow pillows (personal communication, S. Jackson and K. Przeczek, 
2009), the snow pillow data over 2003-2007 are taken here as ground truth of SWE in the 
EASE-Grid cells. 
4.4. Methods 
4.4.1. Regressed algorithm based on the TB difference of different channels 
Most retrieval algorithms for SWE from microwave remote sensing are based on the TB 
difference of various channels. The spectral polarization difference (SPD) algorithm was first 
developed by Aschbacher (1989) to retrieve SWE and was based on the combination of 
SSM/I channels: 19V, 37V, and 19H (AMSR-E channels: 18.7V, 36.5V, and 18.7H). The 
combination of the channels is as follows: 
SPD = [TB(19V) - TB(37V)] + [TB(19V) - TB(19H)] (4.1) 
SWE=axSPD + b (4.2) 
Where TB (K) is the brightness temperatures of different channels and where a and b are the 
coefficients calculated according to the in-situ SWE (mm) and TBs with units of mm K"1 and 
mm, respectively. The Chang algorithm was developed to retrieve SD based on the TB 
difference between 19H and 37H of SMMR (Chang et al., 1987). The Chang algorithm used 
in this paper adopts the TB difference between 19V and 37V for SSM/I and the TB 
difference between 18.7V and 36.5V for AMSR-E. Since AMSR-E has 10.7H and 10.7V 
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channels, which have proved effective in the retrieval of SWE in forested areas, the TB 
difference between 36.5V and 10.7V and the TB difference between 18.7V and 10.7V are 
adopted to develop retrieval algorithms in our research area as well (Derksen, 2008). The 
equations are as follows: 
S W E = c x [TB(36.5V)-TB(18.7V)] + d; (4.3) 
SWE=ex [TB(36.5V)-TB(10.7V)] + / ; (4.4) 
S W E = g x [TB( 18.7V)-TB( 10.7V)] + h\ (4.5) 
Where TB (K) is the brightness temperatures of different channels; c, d, e,f, g, and h are the 
coefficients calculated based on the in-situ SWE (mm) and TBs, which are calculated based 
on the TB of SSM/I and AMSR-E and the in-situ observed SWE from YPE, BMM, and 
Barkerville. Units of c, e, and g are mm K"1, while the units for d,f, and g are mm. 
4.4.2. Artificial Neural Network 
An ANN is composed of some simple neurons that are connected by various architectures. 
An ANN is trained and adjusted based on the input and output data to better perform a 
particular function. Normally, an ANN includes at least one input layer and output layer and 
maybe some hidden layers between them case by case. An ANN is trained by comparison of 
the output and the target until they reach an optimal result. An ANN with biases, a sigmoid 
layer, and a linear output layer can approximate most functions with a finite number of 
discontinuities. Therefore, a feed-forward network that includes an input layer, a non-linear 
sigmoid hidden layer, and a linear output layer is adopted to build the connection between the 
brightness temperatures of AMSR-E and SSM/I and SWE. The neurons in successive layers 
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are fully interconnected with weights controlling the strength of the connections. Back-
propagation (BP) algorithm which is based on the Widrow-Hoff learning rule to multiple-
layer networks is used to train the feed-forward network (Hornik et al., 1989). The BP 
learning rule adjusts the weights of neurons by minimizing the mean square error (MSE) 
between the target vectors and network output vectors. The performance of the network 
mainly depends on the training data. 
In our study, different combinations of channels are used to generate the training data to 
explore their roles on the SWE retrieval. For AMSR-E, there are two combinations of 
channels: one is the combination of 18.7 and 36.5 GHz vertical and horizontal channels; the 
other is a combination of all 12 channels. For SSM/I, there are also two combinations of 
channels: one is the combination of 19 and 37 GHz vertical and horizontal channels; the 
other is the combination of all 7 channels. The parameters of networks vary for different 
training runs to improve the ANN at each test site. To confirm whether a trained ANN in a 
set is applicable to others, the trained ANN based on the data at YPE with the highest 
average SWE and Barkerville with the lowest average SWE is used to calculate the SWE at 
BMM. In addition, the in-situ SWE and TB from 2003-2005 are used to train the ANNs; 
however, the in-situ SWE and TB from 2006-2007 are adopted to validate the performance 
of the ANNs. 
4.4.3. Data processing and evaluation of algorithms 
Since microwave remote sensing cannot detect shallow or wet snow, some methods are 
adopted to select the dry snow data to improve the algorithm results. For the in-situ SWE 
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observations, the days when the maximum temperature was below 0°C and SWE >10 mm 
were selected. For the TB, the diurnal amplitude variation (DAV) methods are used to select 
the snow melt days (Ramage et al., 2006). If the absolute value of TB difference of 37V for 
SSM/I (36.5V for AMSR-E) between ascending and descending orbits at a given day exceeds 
10 K, it is considered as a snow melt day and is not included in the analysis. In addition, only 
descending data with overpass during the morning or "cold" period are used to avoid snow 
melt effects. To reduce the impacts of atmospheric daily variability on the TBs, a five day 
moving average was applied to the selected data according to the above criteria. To evaluate 
the performance of different algorithms, the root mean square error (RMSE), multiple 
correlation coefficient (R), linear regression coefficient (r) are calculated as follows: 
RMSE = (SWEPredCO - SWEtrue(0)2 (4.6) 
I HSWEpred (0 - SWEtrue){SWEtme (0 - SWE,nJ) 
R= . xlOO (4.7) 
J t (SWEPred (0 - SWEtrJ ± (SWEtw (0 - SWE,rJ V i=l ;=1 
Z i(SWEtme (0 - SWEtrue)(SWEpred (/) - SWEprJ) 
r = — ; (4.8) 
t,iSWEtme{i)-SWEtmef 
Where the subscript 'pred' implies passive microwave predicted SWE and the subscript 
'true' denotes in-situ observations of SWE; the upper bar represents averaged SWE; and n 
means the number of samples. The algorithm with the lowest RMSE, the highest R, and r 
closest to 1 qualifies as the best algorithm for our research area. In addition the absolute 
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agreement (AA) and relative agreement (RA) between the in-situ and retrieved SWE are 
calculated for ANNs of AMSR-E according to following equations: 
AA(i) = SWEpredO) - SWEtrue(i) (4.9) 
RA(i) = j AA(i)/SWEtrue(i)|x 100 (4.10) 
4.5. Results 
4.5.1. Regressed algorithms based on the TB difference of different channels 
Owing to the complexity of the vegetation and topography in the QRB, the new coefficients 
for the retrieval equations are fitted based on the in-situ SWE and TB difference of various 
channel combinations. Fig. 4.3 shows the scatter plot between in-situ SWE and TB difference 
of various channel combinations for SSM/I and AMSR-E at the YPE station. Although there 
are not obvious linear relationships between the in-situ SWE and TB difference for all the 
data, the correlation coefficients between the in-situ SWE and TB difference of AMSR-E 
when SWE<400 mm are -0.73 (p<0.001), -0.70 (p<0.001), -0.59 (p<0.001), and 0.74 
(p<0.001) for 36.5V-18.7V, 36.5V-10.7V, 18.7V-10.7V, and SPD, respectively. For the 
BMM and Barkerville stations, the absolute value of correlation coefficients between the in-
situ SWE and TB difference for the in-situ SWE<250 mm are over 0.6 (p<0.001). Therefore, 
coefficients for different retrieval equations are fitted based on SWE less than 400 mm or 
250 mm for the three stations. In addition, the maximum TB differences between channels 
are only 10 K. This is very different from the regions where the EC algorithms were 
developed, where the maximum difference between 37, 19, and 10 GHz may reach 50 K 
(Derksen et al., 2003, 2005, 2008). It is clear therefore, the empirically derived, regionally 
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developed EC algorithms are not suitable in the complex topography and forested terrain of 
the QRB. 
Fig. 4.4 shows the time series and scatter plots between in-situ SWE and retrieved SWE 
according to different algorithms from AMSR-E at YPE. The statistical results for the 
different algorithms from AMSR-E and SSM/I are listed in Tables 4.2, 4.3 and 4.4. For the 
SPD and 37V-19V algorithms of SSM/I, the YPE station shows the best simulated SWE 
compared to the BMM and Barkerville stations that exhibit poor performance maybe owing 
to the lower forest coverage in the EASE-Grid pixel surrounding the YPE station (Fig. 4.2). 
In addition, the 37V-19V algorithm works better than the SPD algorithm at all three stations 
for SSM/I. For the in-situ SWE <400 mm at YPE, the RMSE, R, and r are 80.71 mm, 
78.71%, and 0.62, respectively. For AMSR-E, the SPD, 36.5V-18.7V and 36.5V-10.7V 
algorithms outperform the 18.7V-10.7V approach. For the in-situ SWE <400 mm at YPE, the 
SPD, 36.5V-18.7V and 36.5V-10.7V algorithms have RMSE, R, and r about 70 mm, 70%, 
and 0.5, respectively. Comparing the SPD and 37V-19V algorithms for SSM/I to the SPD 
and 36.5V-18.7V algorithms for AMSR-E, the AMSR-E perform better than SSM/I at the 
BMM and Barkerville stations with almost similar performance at the YPE maybe owing to 
some different instruments characteristics such as improved native resolution and light 
difference of the channel frequency. 
4.5.2. Artificial neural networks with different combinations of channels 
The in-situ SWE and remotely sensed TB from SSM/I and ASMR-E were used to train the 
ANN at the three different stations. For SSM/I, two combinations of channels are adopted: 
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one is 37 H, 37 V, 19 H, and 19 V; the other includes all 7 channels. Fig. 4.5 shows the in-
situ and retrieved SWE with ANN based on 4 channels and all channels for SSM/I at the 
BMM station (for brevity, similar figures for YPE and Barkerville are not shown here). The 
statistical coefficients for retrieved SWE with ANN for the three stations from SSM/I are 
listed in Table 4.5. The results show that ANNs based on 4 channels or all channels of 
SSM/I obtained very close statistical coefficients at the YPE and BMM stations. However, 
ANNs based on all channels of SSM/I perform better than those based on the 4 channels of 
SSM/I. 
For AMSR-E, two combinations of channels are adopted: one is 36.5 H, 36.5 V, 18.7 H, and 
18.7 V; the other includes all 12 available channels. Fig. 4.6 shows the in-situ and retrieved 
SWE with ANN based on 4 channels and all channels for AMSR-E at the BMM station. The 
statistical coefficients for retrieved SWE with ANN for the three stations from AMSR-E are 
listed in Table 4.5. The results show that the ANNs based on all channels perform much 
better than the ones based on only 4 channels. The RMSE, R, and r of ANN based on all 
channels at BMM are 45.69 mm, 95.48%, and 0.95, respectively, which suggests that the 
ANN can be used to reconstruct the temporal SWE with a high degree of accuracy. A 
comparison of results shows that the ANNs based on 4 channels of AMSR-E perform better 
than the ones based on 4 channels of SSM/I with a difference in r of about 0.5-0.8 higher r at 
the three stations. Furthermore, the ANNs based on all channels of AMSR-E perform much 
better than the ANNs based on all channels of SSM/I. 
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4.6. Discussion and conclusions 
Various SWE retrieval algorithms from AMSR-E and SSM/I are tested based on the in-situ 
SWE over the complex terrain of the QRB. Although the three in-situ SWE stations are only 
fixed point measurements, they are adopted to represent the SWE in their corresponding 
EASE-Grid cell. The averaged elevation and the standard deviation of the elevation in the 
EASE-Grid cells that include the in-situ stations are listed in Table 4.1. The results show that 
differences between the elevation at the in-situ stations and the corresponding EASE-Grid 
point are only about 100 m with standard deviations of 150 m. Therefore, fixed point in-situ 
SWE measurements at YPE, BMM, and Barkerville may well represent the averaged SWE in 
the whole EASE-Grid cell. In addition, snow measurement stations are very sparse in remote, 
northern areas such as BC; insufficient in-situ observations challenge most of the SWE 
retrieval research from remote sensing. For instance, only six in-situ snow observation sites 
were suitable for evaluation of the EC algorithms in the Mackenzie River Basin that covers 
about 1.8 million km (Derksen et al., 2003). Similarly, only 12 in-situ stations are adopted to 
develop and evaluate various SWE retrieval algorithms in Finland over an area of -350,000 
km2 (Tedesco et al., 2004). 
The SPD and other algorithms based on TB difference do not perform well in the QRB 
owing to the dense vegetation and topography. If only the SWE less than 400 mm at YPE 
(250 mm at BMM and Barkerville) are considered, the SPD and the other algorithms based 
on TB difference perform better. For all the algorithms, the SPD and 36.5V-18.7V 
algorithms for AMSR-E perform best according to the statistics coefficients. However, the 
accuracy remains insufficient to be used in the SWE retrieval for the area. 
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ANNs with two different combinations of various channels are trained based on the in-situ 
SWE for AMSR-E and SSM/I. ANNs perform much better than the algorithms based on TB 
differences between various channels. ANNs based on all the channels of AMSR-E perform 
much better than other ANNs of AMSR-E and SSM/I. The RMSE, R, and r of the ANNs 
based on the all channels of AMSR-E are almost 40 mm lower, 20% higher, and 0.3 higher 
than other ANNs of AMSR-E and SSM/I, respectively. To evaluate what degree ANNs can 
retrieve SWE based on new TBs, the ANNs that are based on all AMSR-E channels are used 
to retrieve the SWE from 2006-2007. In the retrieved SWE, some obvious errors such as 
SWE<0 mm and SWE>1200 mm at YPE (SWE>800 mm at BMM; SWE>600 mm at 
Barkerville) were screened. Fig. 4.7 shows the in-situ SWE and retrieved SWE and the 
scatter plots between them. Table 4.6 lists the values of the coefficients of RMSE, R, and r. 
Compared to the performance of ANNs with trained data, the coefficients of ANNs based on 
new SWE from 2006-2007 are weaker. Table 4.7 lists the detailed statistics about the 
retrieved SWE based on the absolute and relative agreements between in-situ and retrieved 
SWE. The correlation coefficients between in-situ and retrieved SWE show significant 
correlation (p<0.001) with 0.29, 0.24, and 0.55 for YPE, BMM, and Barkerville, respectively. 
The retrieved SWE with AA<50 mm accounts for about 13.58%, 23.52%, and 32.93% 
among all retrieved SWE for YPE, BMM, and Barkerville, respectively. The retrieved SWE 
with RA<50 mm account for about 28.09%, 36.90%, and 22.36% for YPE, BMM, and 
Barkerville, respectively. To evaluate to what degree the ANNs can be used at different in-
situ stations, the ANN that is trained with the in-situ SWE at YPE and Barkerville from 
2003-2005 to retrieve the SWE at BMM from 2003-2005 (Fig. 4.8). The statistical 
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coefficients about the ANN and retrieval performance are listed in Table 4.8. The results 
show that ANNs trained at given in-situ stations perform unsatisfactorily at other in-situ 
stations owing to the different land surface characteristics. 
To summarize, the retrieval algorithms of SWE based directly on TB difference are not 
feasible even though the new coefficients for the algorithms are refitted according to in-situ 
observations in the complex terrain of the QRB. The ANNs are able to retrieve the temporal 
variations of SWE at a given station, especially the ones based on all channels of AMSR-E. 
Therefore, the 10.7 GHz is very helpful to retrieve the SWE in the mountainous forests. 
However, due to the complexity of the topography and vegetation it the area, the ANNs 
based simply on limited in-situ stations are not able to retrieve the spatial variations of SWE 
in this region. 
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I I QRB Inland water SWE stations 
Fig. 4.1. The land cover type from MODIS International Geosphere-Biosphere Programme 
(IGBP) 1 km land cover products in the QRB. 
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Fig. 4.2. The percentage of four land cover types at three in-situ stations from MODIS 
International Geosphere-Biosphere Programme (IGBP) 1 km land cover products in the 
QRB. 
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Fig. 4.3. Scatter plots of the in-situ SWE and TB difference for various channels of AMSR-
E (a, b, c, and d) and SSM/I (e and f) from 2003-2005. 
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Fig. 4.4. Time series (left) and scatter plots (right) of the retrieved SWE with algorithms of 
different channel combinations of AMSR-E and observed SWE at YPE from 2003-2005. 
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Fig. 4.5. Time series (left) and scatter plots (right) of the retrieved SWE with ANN based 
on 4 channels or all channels of SSM/I and observed SWE at BMM from 2003-2005. 
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Fig. 4.6. Time series (left) and scatter plots (right) of the retrieved SWE with ANN based 
on 4 channels or all channels of AMSR-E and observed SWE at BMM from 2003-2005. 
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Fig. 4.7. Time series (left) and scatter plots (right) of the retrieved SWE from 2006-2007 
with best trained ANN based on AMSR-E and in-situ SWE from 2003-2005 at YPE: [(a), 
(b)], BMM: [(c), (d)], and Barkerville: [(e), (f)]. 
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Table 4.1. Identification, location, elevation, coordinates, annual average maximum SWE, 
and averaged elevations and standard deviations of elevations in the 25 km2 EASE-Grid 
cells of the three in-situ station sites. 
Annual Averaged Standard 
average elevation deviations 
maximum in the of 
Station ID Station Name 
Longitude 
(°W) 
Latitude 
(°N) 
Elevatio 
n(m) 
SWE 
(mm) 
EASE-
Grid cell 
(m) 
elevations 
in the 
EASE-
Grid cell 
(m) 
1C20P 
Boss Mountain 
Mine 
-120.8 52.1 1460 563 1284 137 
1C41P Yanks Peak East -121.3 52.8 1670 822 1561 218 
1A03P Barkerville -121.4 53.1 1520 338 1461 145 
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Table 4.2. RMSE (mm), R (%), and r for SPD and 36V-18V algorithms for all the in-situ 
SWE and the in-situ SWE < 400 mm at YPE (<250 mm at BMM and Barkerville) for 
SSM/I. 
Stations 
SPD all 
SPD <a given SWE 
(mm) 36V-18V all 
36V-18V <a given 
SWE (mm) 
RMSE R r RMSE R r RMSE R r RMSE R r 
YPE 247.30 30.23 0.23 80.77 78.68 0.62 243.25 32.44 0.24 80.71 78.71 0.62 
BMM 198.45 9.61 0.08 65.61 29.79 0.09 193.10 13.12 0.11 64.66 33.90 0.11 
Barkerville 83.59 19.23 0.07 59.80 36.27 0.13 82.95 21.61 0.07 59.58 37.15 0.14 
Table 4.3. RMSE (mm), R (%), and r for SPD and 36V-18V, 36V-10V, and 18V-10V 
algorithms for AMSR-E for all the in-situ SWE. 
Stations 
36V-18V 36V-10V 18V-10V SPD 
RMSE R r RMSE R r RMSE R r RMSE R r 
YPE 241.01 15.97 0.13 237.62 17.88 0.15 237.95 17.11 0.14 235.83 18.45 0.15 
BMM 155.07 32.57 0.23 160.57 27.89 0.20 169.96 19.49 0.14 154.74 32.59 0.23 
Barkerville 81.77 15.87 0.07 83.17 10.94 0.05 84.85 4.72 0.02 82.02 15.66 0.07 
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Table 4.4. RMSE (mm), R (%), and r for SPD and 36V-18V, 36V-10V, and 18V-10V 
algorithms for AMSR-E for the in-situ SWE < 400 mm at YPE (<250 mm at BMM and 
Barkerville). 
Stations 
36V-18V 36V-10V 18V-10V SPD 
RMSE R r RMSE R r RMSE R r RMSE R r 
YPE 70.33 73.52 0.54 73.42 70.65 0.50 83.29 59.62 0.36 70.04 73.77 0.54 
BMM 65.53 60.53 0.37 65.02 61.34 0.38 67.62 57.04 0.33 63.83 63.16 0.40 
Barkerville 44.60 36.64 0.13 45.72 30.04 0.09 47.01 19.47 0.04 44.18 38.76 0.15 
Table 4.5. RMSE (mm), R (%), and r for ANNs with 4 channels or all channels of SSM/I 
and AMSR-E. 
Stations 
AMSR-E SSM/I 
ANN all channels ANN 4 channels ANN all channels ANN 4 channels 
RMSE R r RMSE R r RMSE R r RMSE R r 
YPE 82.27 91.32 0.93 122.45 79.37 0.68 140.66 79.69 0.65 136.92 80.89 0.66 
BMM 45.69 95.49 0.95 76.38 86.66 0.81 87.68 83.01 0.69 89.60 82.36 0.72 
Barkerville 36.18 88.65 0.79 67.79 58.18 0.48 60.04 71.38 0.64 68.49 59.03 0.41 
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Table 4.6. RMSE (mm), R (%), and r for ANNs with all channels of AMSR-E that are used 
to retrieve the SWE from 2006-2007. 
Stations 
ANN all channels of AMSR E 
RMSE R r 
YPE 299.26 25.98 0.24 
BMM 208.09 17.99 0.20 
Barkerville 141.85 24.23 0.23 
Table 4.7. Comparison between ANN retrieved SWE based on all channels of AMSR-E 
and in-situ SWE from 2006-2007. 
Stations 
Correlation 
coefficients 
maximum 
of AA 
(mm) 
minimum 
of AA 
(mm) 
maximum 
of RA (%) 
minimum 
of RA (%) 
percent 
of 
AA<50 
mm (%) 
percent of 
RA <25% 
(%) 
YPE 0.29 841.46 1.35 1240.62 0.37 13.58 28.09 
BMM 0.24 685.19 0.73 532.50 0.32 25.52 36.90 
Barkerville 0.55 298.58 0.11 172.42 0.13 32.93 22.36 
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Table 4.8. RMSE (mm), R (%), and r for ANN trained with all channels of AMSR-E at the 
YPE and Barkerville from 2003-2005 and the RMSE (mm), R (%), and r for retrieved 
SWE in the BMM station with the trained ANN at the other two stations. 
Stations RMSE R r 
YPE and Barkerville 81.49 91.80 0.87 
BMM 348.71 -22.41 -0.44 
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Chapter 5: Snow Distribution from SSM/I and its Relationships 
to the Hydrometeorology of the Mackenzie River Basin, Canada 
Tong, J., Dery, S. J., and Jackson, P. L., and Derksen, C., 2009, Snow distribution from 
SSM/I and its relationships to the hydrometeorology of the Mackenzie river basin, Canada, 
submitted to Water Resour. Res. 
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5.1. Introduction 
The spatial and temporal distribution of snow cover extent (SCE) and snow water equivalent 
(SWE) play a critical role in the hydrology of northern watersheds (Jain and Lall, 2000; Dery 
et al., 2004, 2005; Yang et al., 2003, 2007; Dyer, 2008). Climate change influences the 
process of snow accumulation and ablation significantly (Barnett et al., 2005). Recent 
research indicates a significant decrease of snow during spring over North America and 
Eurasia in response to rising air temperatures (Brown, 2000, 2006; Stone et al., 2002, 
Groisman et al., 2004, Mote, 2005, 2006, Dery and Brown 2007). A strong link between SCE, 
SWE, and river discharge has been investigated in different regions such as the large Siberian 
watersheds (Yang et al., 2003, 2007), the Upper Rio Grande River Basin (Zhou et al., 2005), 
and in northern Canada (Dery et al., 2005; Stewart et al., 2005, Tong et al., 2009b). Barnett et 
al. (2005) project that global warming will accelerate the hydrological cycle in snowmelt-
dominated regions causing earlier snow melt and maximum SWE that may lead to regional 
water shortages. 
Numerical modeling and remotely sensed snow data have been widely used for cold region 
hydrometeorological investigations (Massom, 1995; Schmugge et al., 2002). For instance, 
the National Oceanic and Atmospheric Administration (NOAA) weekly snow data and 
Moderate Resolution Imaging Spectroradiometer (MODIS) snow data are adopted to explore 
the snow distribution and relationships between snow and river discharge (Yang et al., 2003, 
2007; Zhou et al., 2005; Wang et al., 2005, Tong et al., 2009 a, b). The modeled and 
observed snow data have also been used to assess the interaction between snow and 
hydrometeorology (Dyer, 2008). Passive microwave remote sensing is used to monitor the 
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SWE based on the difference of brightness temperature (TB) between various channels 
(Chang et al., 1987; Goodison and Walker, 1995). The Environment Canada (EC) algorithm 
for SWE retrieval from SSM/I has been developed and evaluated for western Canada such as 
in the Mackenzie River Basin (MRB) and in northern Manitoba based on snow depth (SD) 
observation stations (Derksen et al., 2003, 2005). However, no study has applied the EC 
algorithm for SSM/I to describe the relationships between SCE, SWE, and river discharge in 
the MRB. Furthermore, in the Canadian Arctic composed mainly of barren tundra, land cover 
cells are classified as snow or no-snow based on a remotely sensed retrieved SWE threshold 
of 1 mm (Brown et al., 2007, Wang et al., 2005). However, there is limited research to 
estimate the SWE thresholds to classify the cells as snow or no snow in more complex terrain. 
To determine the thresholds of remotely sensed SWE from SSM/I for classifying the pixels 
as snow or no snow, snow cover maps from SSM/I and the MODIS 8-day maximum snow 
cover extent products (MOD10A2) are compared owing to the high accuracy of MOD10A2 
in different regions (Hall et al., 1998, 2002, 2007; Parajka and Bloschl, 2006; Pu et al., 2007; 
Zhou et al., 2005; Tong et al, 2009a, b; Klein, 2003; Maurer, 2003, Wang et al., 2008). Then, 
the new SCF products from SSM/I and SWE from SSM/I are adopted to analyze the 
relationships with the hydrometeorology in the MRB. 
5.2. Research Area 
The MRB, which is the tenth largest river basin in the world by area, covers about 1.8 million 
km2 of northwestern Canada It is located between latitudes 52°N - 70°N, and longitudes 
103°W - 140°W with a wide range of elevations and land cover types (Fig. 5.1). The MRB 
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includes six other major sub-basins: the Peel, Great Bear, Liard, Great Slave, Peace, and 
Athabasca watersheds, which respectively cover about 182, 598, 428, 668, 509, and 452 
SSM/I Equal-Area Scalable Earth-Grids (EASE-Grid) points. The elevation of the western 
part of the MRB reaches -3000 m; however, the eastern part of the MRB is lower than the 
western part. The average elevation of the MRB is about 630 m. The Peel and Great Bear 
sub-basins are mainly covered by sparse vegetation and tundra; however, the other sub-
basins are mostly covered by coniferous forests. In the MRB, the open area, sparse 
vegetation, coniferous forests, and deciduous forests account for about 14%, 40%, 34%, and 
12%, respectively. The Mackenzie River (MR) system spans 4,241 km from the Columbia 
Icefield in Jasper National Park to its mouth on the Beaufort Sea of the Arctic Ocean. The 
river discharge gauges in the MRB, Peel River Basins (PeelRB), Liard River Basins (LRB), 
Athabasca River Basins (ARB), and Peace River Basins (PeaceRB) represent the whole 
drainage area of the sub-basins, respectively (Fig. 5.1). 
5.3. Data 
5.3.1. TB of SSM/I 
The U.S. Defense Meteorological Satellite Program DMSP F-8, F-10, F- l l , F-13, F-14, and 
F-15 have been launched since 1987. The SSM/Is have been flying on these satellites to 
provide continual monitoring of the Earth's surface. The SSM/I sensor has 7 channels 
including both horizontally and vertically polarized at 19.35, 37.0, and 85.5 GHz and a 
vertical polarization at 22.235 GHz. The SSM/I can provide near global coverage with 25 km 
resolution every day except some small diamond-shaped areas near the equator and circular 
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sectors of 2.4° latitude surrounding the north and south poles (Armstrong and Brodzik, 1995). 
Ascending and descending orbit data are available every day. In this paper, the daily SSM/I 
North EASE-Grid TB with 25 km resolution of ascending and descending orbits from 1988-
2007 are downloaded from the National Snow and Ice Data Center (NSIDC) in Boulder, 
Colorado (ftp://sidads.colorado.edu/pub/DATASETS/). 
5.3.2. MODIS snow products 
MODIS, which has been flying on the Terra spacecraft since 18 December 1999, has 36 
discrete, narrow spectral bands from approximately 0.4 to 14.4|im. The spatial resolution of 
MODIS bands range from 250 m to 1000 m with a spectral resolution of 0.01 (im to 0.05 |im 
for different bands. MODIS snow cover products are mainly based on the SNOWMAP 
algorithm (Klein et al., 1998; Hall et al., 1995; 2002; Dozier, 1989). The snow maps are 
available at different resolutions and projections such as 500 m daily and 8-day data on a 
sinusoidal projection and 0.05°, 0.25° daily, 8-day, and monthly data on a latitude/longitude 
grid or the so-called climate-modeling grid (CMG). All snow maps are distributed through 
the National Snow and Ice Data Center (NSIDC; http://nsidc.org). In this paper, version 005 
(V5) of MOD10A2 from 2001-2007 are adopted to validate recent SSM/I snow cover 
products. 
5.3.3 River discharge and meteorological data 
Daily discharge data from 1987-2007 at the five gauges in the MRB (10LC014, drainage area 
(DA): 1,680,000 km2), PeelRB (10MC002, DA: 70,600 km2), LRB (10ED002, DA: 275,000 
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km2), ARB (07DA001, DA: 132,585 km2), and PeaceRB (07KC001, DA: 293,000 km2) are 
available from the Water Survey of Canada (http://www.wsc.ec.gc.ca/hydat/H20/). To 
explore the relationships between snow distribution, streamflow, and climatology, the pentad 
precipitation and daily mean air temperature from 1987-2007 are downloaded from the 
National Centers for Environmental Prediction (NCEP) (http://www.cdc.noaa.gov/cdc/). The 
precipitation and air temperature data are on a global 2.5° latitude X 2.5° longitude grid; 
however, only the precipitation and air temperature of the grids within the MRB are used to 
calculate the basin mean precipitation and air temperature. 
5.4. Method 
5.4.1. SWE retrieval from SSM/I 
The EC algorithm, which is a land cover sensitive algorithm based on the TB difference 
between the vertically-polarized 37 and 19 GHz channels of SSM/I, has been developed and 
evaluated over western Canada (Derksen et al., 2003, 2005).The SWE for an EASE-Grid cell 
is an area weighted average of the SWE calculated by the separate algorithms for the four 
land covers, respectively, which is expressed as: 
SWE=F0(SWE0) + Fc(SWEc) + FD(SWED) + Fs(SWEs) (5.1) 
Where F, is the fraction of land cover type for open (O), coniferous (C), deciduous (D), and 
sparse (S) forests and SWE; is the SWE algorithm for each land cover type. The SWE 
algorithms for the four land cover classes for SSM/I are listed in Table 5.1 (Derksen et al., 
2003, 2005). The 2004 MODIS International Geosphere-Biosphere Programme (IGBP) 1 km 
products (http://edcdaac.usgs.gov/) are adopted to calculate the land cover fractions for each 
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EASE-Grid cell. The 17 IGBP land cover classes are reclassified into open, coniferous forest, 
deciduous forest, and sparse forest. 
5.4.2. 25 km resolution snow cover maps from MOD10A2 
To decrease the cloud coverage of MOD10A2, a spatial filter method is used to produce new 
snow cover maps henceforth referred to as SF (Tong et al., 2009 a, b). However, a single 
SSM/I SWE pixel (25 km) contains 2500 MOD10A2 pixels (500 m). Therefore, the SF 
products are reclassified into new snow cover maps with 25 km resolution according the 
following steps: 1) for the 2500 pixels (500 m) of a SF products in a 25 km EASE-Grid of 
SSM/I, the EASE-Grid is classified as the major of the classes of snow, no snow, or cloud 
among the 2500 pixels. Therefore, 8-day snow cover maps with 25 km resolution from 2001-
2007 are considered as "ground truth" to evaluate the snow over maps from SSM/I. 
5.4.3. Comparison between the snow cover maps from SSM/I and SF products 
Snow cover maps from SSM/I are based on the SWE retrieved from the TB difference. 
Owing to the heterogeneous nature of snow distribution in complex topography at the scale 
of the EASE-Grid pixel, the threshold k for SWE to classify the pixel as snow or no snow is a 
critical problem to produce snow cover maps from SSM/I. To determine the best threshold, 
various 8-day snow cover maps, which cover the same temporal scale as the MOD10A2 data, 
are produced based on different SWE thresholds from SSM/I. In every 8-day period, as long 
as SWE of a given pixel of one day is greater than the threshold, the pixel is classified as 
snow; otherwise, the pixel is classified as no snow. Therefore, for every given pixel, there are 
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two different time series of snow condition including snow maps from SSM/I and SF. The SF 
is taken as ground truth to evaluate the accuracy of the snow maps of SSM/I for every pixel 
according to the methods used by Pu et al. (2007) and Parajka and Bloschl (2008). For a 
given pixel, there are four possible outcomes comparing snow maps from SF with SSM/I 
(Table 5.2). The OA of SSM/I snow products are calculated by equation (5.2) through the 
whole periods. 
Overall Accuracy - a + ^ (5.2) 
a+b+c+d 
where terms a, b, c and d are defined in Table 5.2. All accuracies are based on the days when 
SF snow products are not cloud. Then for every given threshold of SWE, the average OA of 
snow maps from SSM/I in every sub-basin is calculated based on the OA of every EASE-
Grid pixel. Therefore, the threshold of SWE corresponding to the highest average OA for 
every sub-basin are determined as the final threshold of SWE to classify the EASE-Grid 
pixel as snow or no snow from SSM/I. The water bodies in the MRB are not included in the 
comparison. 
5.4.4. Comparison between the snow distribution, streamflow, and meteorological data 
SCE and SCF in this paper represent the total area of snow cover and percentage of snow 
cover at a given time in the whole MRB, respectively. The SCE, SCF, and SWE retrieved 
from SSM/I from 1988-2007 in the MRB are adopted to analyze the change of snow 
distribution in the last two decades. The correlation coefficients between SCF, mean SWE 
from SSM/I and streamflow of the MRB are calculated in the snow ablation season. To 
explore the relationship between SCF, runoff, and climate, SCF50% is defined as the date at 
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which the SCF attains 50% during each snow ablation season from 2 March (pentad 13) to 30 
June (pentad 37), whereas the dates at which the normalized averaged SWE attains 50% 
during snow ablation season will be denoted by SWE5o%. During snow ablation seasons, the 
corresponding average air temperatures for given periods are calculated. The periods are 
aggregated from the first date 2 March to another date. Then the julian days of SCF5o% and 
SWE50%, which begin from the first day of every year, are compared with average air 
temperature within different periods in the MRB. Statistical models are developed between 
various hydrometeorological quantities in the watersheds based on observed discharge and 
retrieved SCF and SWE from SSM/I from 1988-2007. 
5.5. Results 
5.5.1. Determination of thresholds k for snow cover products from SSM/I 
Snow or no snow conditions for every SSM/I EASE-Grid pixel are determined according to 
different SWE thresholds ranging from 0 mm to 50 mm. The OAs of the pixels for the 
various thresholds are assessed with the corresponding MOD10A2 snow products that are 
considered here as ground truth. The average OAs for different sub-basins in the MRB with 
threshold ranging from k = 0 mm to 50 mm are shown in Fig. 5.2. The average OAs of 50% 
at k = 0 mm are the lowest in all the sub-basins. Then, the OAs increase to their highest 
values at near 90% for various thresholds in different sub-basins. The thresholds of the best 
OAs for different sub-basins are listed in Table 5.3. The Peel and Great Bear basins have 
substantially lower thresholds than the other basins. The land cover map of the MRB (Fig. 
5.1) shows that these two basins are 94% and 80% covered by sparse forest or open area, 
112 
Ph.D. Dissertation: University of Northern British Columbia 
respectively, however, the other basins are mainly covered by coniferous and deciduous 
forests, with fractions ranging from 50% to 75%. Owing to the effects of vegetation on SWE 
retrieval from passive microwave remote sensing, the regions with greater forest cover have 
higher thresholds to be classified as snow based on SSM/I data. 
Fig. 5.3 shows the averaged annual 8-day SCF of MRB from 2001-2007 calculated from 8-
day SF and SSMI snow cover products based on the different thresholds, respectively. The 
"optimal" case means the SCF is calculated according to the determined thresholds for 
different sub-basins. For thresholds 0 mm, 10 mm, 20 mm, and 30 mm, the SCFs of SSM/I 
are greater than SCFs of SF nearing 100% SCF from January to March. The difference of 
SCFs between SSM/I and SF are likely caused by cloud coverage in the SF (Zhou et al , 2005, 
Tong et al., 2009a). However, the SCFs of SSM/I based on thresholds 0 mm, 10 mm, and 20 
mm, are much higher than SCFs of SF from March to December. Furthermore, the SCFs of 
SSM/I are about 20%, 40%, and 60% for thresholds 0 mm, 10 mm, and 20 mm, respectively, 
from July to September when the SCFs of SF are about 0%. However, the SCFs of SSM/I 
based on the thresholds of 40 mm and 50 mm are lower than SCFs of SF through the whole 
year. The SCFs of SSM/I based on the optimal thresholds and 30 mm are closest to the SCFs 
of SF. However, compared with the SCFs of SF, SCFs of SSM/I based on optimal thresholds 
suggest about 40 days earlier snow accumulation than SCFs of SSM/I based on thresholds of 
30 mm. All the results indicate that the optimal thresholds are most suitable for classification 
of snow and no snow in the MRB with an OA of about 90% compared to the SF. Therefore, 
all the SCFs of SSM/I are calculated according to the optimal thresholds thereafter. 
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5.5.2. Distribution of SCF and SWE 
The averaged pentad annual cycles of SCF and SWE based on SSM/I from 1988-2007 in the 
sub-basins of the MRB are shown in Fig. 5.4. Snow accumulation and ablation processes 
vary among different sub-basins. The beginning of the snow accumulation ranges from early 
September to mid-October. The Peel basin experiences the earliest snow accumulation 
around 3 September (pentad 50), and the Great Slave basin experiences the latest snow 
accumulation around 13 October (pentad 58). However, the averaged annual cycles of SCF 
and SWE show different processes of snow ablation. The beginning of the decrease in SCF 
ranges from early March to late April for the different basins. The Peace basin is the first to 
show a decrease of SCF around 7 March (pentad 14), and the Peel basin is the latest to show 
a decrease of SCF around 26 April (pentad 24). However, the decrease of SWE almost 
begins at the same period around 7 March (pentad 14) for the various watersheds. Therefore, 
the snow accumulation season and snow ablation season are defined from 1 September to 12 
December and from 1 March to 30 June, respectively. The higher latitude basins such as the 
Peel and Great Bear basins have the highest SCF at about 100% and mean SWE about 80 
mm, and the lower latitude basins such as Peace and Athabasca basins have the lowest SCF 
of about 90% and mean SWE near 50 mm around 7 March (pentad 14). 
5.5.3. Relationships between snow distribution and meteorology 
The differences of snow accumulation and ablation processes among the six sub-basins are 
mainly due to the different air temperature and precipitation regimes. The Peel and Great 
Bear basins, which have the earliest snow accumulation and latest snow ablation processes, 
experience the lowest monthly mean air temperatures throughout the whole year. However, 
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the Peace and Athabasca basins experience the highest monthly mean air temperatures 
resulting in the latest snow accumulation and earliest snow ablation (Fig. 5.5). The Peel basin 
is about 9.3°C and 9.1°C cooler than the Athabasca basin in March and November, 
respectively. The precipitation regime is also different across the six sub-basins (Fig. 5.5). 
During the snow accumulation season, the Athabasca basin has the lowest monthly mean 
precipitation, which combined with the highest temperature will result in the least SCF and 
SWE. Although the monthly mean precipitation in the Peel and Great Bear basins is not the 
highest one, it is about the same level compared to the other sub-basins during the snow 
accumulation season. Combined with the much lower air temperatures, the Peel and Great 
Bear basins have the most SCF and SWE. 
To quantify the relationships between snow ablation and air temperatures in the basins, the 
SCF50% and SWE50% from 1988 - 2007 in the sub-basins are calculated (Table 5.4). The 
averaged SCF5oo/0 ranges from 18 April (108) in the Peace basin to 23 May (143) in the Peel 
basin. The averaged SWE5o% ranges from 21 April (111) in the Athabasca basin to 8 May 
(128) in the Peel basin. The correlation coefficients between SCF50%, and SWE50% from 
SSM/I, mean air temperature within different periods, and monthly mean precipitation from 
January to December 1988-2007 are then calculated. Correlation coefficients between the 
SCF5o%, SWE5o%, and precipitation are always less than -0.1, demonstrating there is no 
significant relationship between them. However, there always exist negative correlation 
coefficients between SCF5o%, SWE5o%, and mean air temperatures from March to June, 
which indicates that higher temperatures result in faster snow ablation in both SCF and SWE. 
The maximum absolute values of negative correlation coefficients between SCF5o%, SWE5o%, 
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and mean air temperatures always occur during the period beginning on 2 March and ending 
from 6 May to 30 June in different basins (Table 5.5) The maximum absolute values of 
negative correlation coefficients between SCF5oo/o and mean air temperatures range from 0.31 
(p<0.5) to 0.72 (p<0.001) among the different sub-basins. The maximum absolute values of 
negative correlation coefficients between SWE 5 o% and mean air temperatures range from 
0.22 (p<0.05) to 0.66 (p<0.01) among different sub-basins. In all the sub-basins, the SCF 5 0 % 
exhibits more significant correlation coefficients with mean air temperature than SWE50% 
does. The relation between SCF5o%, S W n 5 0 % , and mean air temperatures in given period 
during snow ablation seasons from 1988-2007 are regressed among the maximum correlation 
coefficients (Fig. 5.6). It shows strong linear relationships between SCF5o%, SWEso%, and 
mean air temperatures. The regression equations between SCF5oo/0, S W E 5 0 % , and mean air 
temperatures in all the basins, which are listed in Table 5.6, can thus be adopted to reliably 
predict the snow ablation process in the basins. 
5.5.4. Relationships between snow distribution and discharge 
The averaged annual cycle of runoff at the MR gauge and the averaged annual cycle of SCF 
and SWE from SSM/I from 1988-2007 in the MRB are shown in Fig. 5.7. It shows that the 
runoff begins to increase around 21 April (pentad 23) to its peak value near 26 May (pentad 
30). Then the runoff decreases to its lowest value around 2 December (pentad 68). The trend 
of runoff is opposite to the trend of the SCF and SWE. The high rates of increase in runoff 
occur from 21 April (pentad 23) to 26 May (pentad 30) when the high snow ablation rates 
of SCF and SWE occur as well (for brevity, similar figures for PeelRB, LRB, ARB, and 
PeaceRB are not shown here). The runoff in the basins is highly related to the SCF with 
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correlation coefficients of -0.85, -0.69, -0.81, -0.77, and -0.52 and SWE with correlation 
coefficients of -0.79, -0.67, -0.78, -0.73, and -0.52, for MRB, PeelRB, LRB, ARB, and 
PeaceRB, respectively (for all the correlation coefficients p<0.001). 
The lagged correlation coefficients between SCF, SWE and runoff during snow ablation 
seasons are also calculated based on daily SCF and SWE from SSM/I and runoff (Fig. 5.8). 
The absolute values of negative lagged correlation coefficients between SCF, SWE, and 
discharge reach the maximum ranging from 0.52 (p<0.001) and 0.87 (p<0.001) at 0-5 lagged 
days for different basins. To determine the runoff based on SCF and SWE, regression models 
are developed between the pentad SCF, SWE, and runoff during the snow ablation seasons, 
respectively. Scatter plots and regression equations between SCF, SWE, and runoff in the 
MRB are shown in Fig. 5.9. The regression equations between the SCF, SWE, and runoff in 
the sub-basins are listed in Table 5.7. The results show strong relationships between SCF, 
SWE, and runoff for all the basins. The linear function shows the best regression equation 
between SCF and runoff, while the power function gives the best regression equation 
between SWE and runoff for all the basins. Comparing the SCF to discharge, the MRB has 
the best regression equations with R2 = 0.79 (p<0.001), while the PeelRB has the regression 
equations with the lowest R2 = 0.21 (p<0.001). Comparing the SWE to discharge, the MRB 
has the best regression equations with R2 = 0.87 (p<0.001), while the PeaceRB has the 
regression equations with the lowest R2 = 0.36 (p<0.001). 
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5.6. Concluding Discussion 
This study applies the long-term microwave remotely sensed data from SSM/I to investigate 
the relationships between SCF, SWE, and the hydrometeorology of the MRB, Canada. The 
SWE are retrieved based on the land cover sensitive EC algorithm with a maximum error of 
30 mm compared to the ground observations of SWE in the MRB (Derksen, 2003). The 
MODIS 8-day snow maps are explored to determine the threshold for SWE to classify the 
ground as snow or no snow. All the results show that the thresholds of SWE from SSM/I 
vary in different sub-basins and there exist significant relationships between snow ablation 
processes, the meteorology, and the hydrologic regime of the MRB. 
Compared to the MODIS 8-day snow maps, the accuracy of the SCF from SWE of SSM/I 
ranges from about 50% to 90% based on different thresholds of SWE in the different sub-
basins. The six main sub-basins of the MRB reach their maximum accuracy of the SCF at 
different thresholds. The Peel and Great Bear basins have lower thresholds and higher 
accuracy than the other basins owing to their flat terrain and sparse vegetation. The 
thresholds of SWE with highest accuracy of SCF at different sub-basins are combined as the 
optimal thresholds for the MRB, which has a 90% accuracy of SCF. The averaged annual 
cycle of SCF from SSM/I based on these optimal thresholds matches well the one derived 
from MODIS eight-day snow maps. 
To quantify the influence of meteorological conditions on snow ablation processes, the 1988-
2007 SWE5O%, SCF5O%, and mean air temperature and precipitation are compared in each 
sub-basin. There always exist significant negative correlations between SCFso%, SWEso%, 
118 
Ph.D. Dissertation: University of Northern British Columbia 
and mean air temperatures from March to June, which indicates that snow ablation processes 
are strongly modulated by the air temperature in the basins. The maximum absolute values of 
negative correlation coefficients between SCF5o%, SWEso%, and mean air temperatures, 
which range from 0.22 (p<0.5) to 0.72 (p<0.001), always occur beginning from 2 March and 
ending from 6 May to 30 June for different sub-basins. The absolute values of lagged 
correlation coefficients between SCF, SWE, and discharge reach their maximum at 0-5 day 
for different sub-basins. All the correlation relationships between SCF from SSM/I and 
runoff are stronger than SWE from SSM/I and runoff owing to the pure performance of 
SSM/I when the snow depth is higher than 1 m. 
The results of this paper demonstrate that the SSM/I data and the EC SWE algorithm are 
useful to investigate the relationships between snow distribution and runoff in large northern 
watersheds. The validation of the SCF from SSM/I based on the MODIS snow maps 
indicates that single thresholds for determining snow cover from SSM/I are not suitable in 
large watersheds. The new SCF products from SSM/I perform better than SWE from SSM/I 
to analyze the relationships with hydrometeorology. Because the peak runoff almost occurs 
during the end of snow ablation seasons when the hydrologic systems are most sensitive to 
the liquid precipitation due to the warmer air temperature (Dyer, 2008), precipitation should 
be also included into snow-precipitation-runoff model to predict the peak runoff during the 
end of snow ablation seasons. 
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E l e v a t i o n ( m ) 
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Fig. 5.1. Geographical map (a) and land cover map (b) of the Mackenzie River Basin (MRB). The Green cycle with number 1, 2, 
3, and 4 represent the river gauges at Peel River, Liard River, Peace River, and Athabasca River, respectively. Digital elevation 
model is the Global Land One-kilometer Base Elevation (GLOBE) data set provided by the National Geophysical Data Center. 
The land cover type is from MODIS International Geosphere-Biosphere Programme (IGBP) 1 km land cover products. 
120 
Ph.D. Dissertation: University of Northern British Columbia 
100 
90 
80 
70 
60 
40. 
10 15 20 25 30 
SWE (mm) 
35 40 
Mackenzie 
Great Slave 
Peel 
Liard 
Athabasca 
Great Bear 
- Peace 
4iT 50 
Fig. 5.2. The overall accuracy of snow cover map based on different thresholds of SWE 
retrieved from SSM/I in various basins. 
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Fig. 5.3. The averaged eight day annual cycle of SCF based on different thresholds of SWE 
from SSM/I and averaged eight day annual cycle of SCF MOD10A2 from 2001-2007 in 
the MRB. 
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Fig. 5.4. The averaged pentad cycle of SWE (a) and SCF (b) retrieved from SSM/I from 
1988-2007 in the different basins. 
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Fig. 5.5. Monthly mean precipitation (a) and monthly mean air temperature (b) based on 
the NCEP data from 1988-2007 in the different basins. 
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Fig. 5.6. Scatter plots between mean air temperature from 2 March to 21 May or 11 May 
and Julian day of SWEjo",;, (a) and SCFso% (b) during snow ablation seasons from 1988-
2007 in the Athabasca sub-basin. 
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Fig. 5.7. The averaged pentad SCF and SWE from SSM/I and runoff from 1988-2007 in 
the MRB. 
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Fig. 5.8. The lagged correlation coefficients between SCF, SWE, and runoff during snow 
ablation seasons from 1988-2007 in the a) MRB, b) PeelRB, c) LRB, d) ARB, and e) 
PeaceRB. 
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Fig. 5.9. Scatter plots between runoff and SWE (a) and SCF (b) during snow ablation 
seasons from 1988-2007 in the MRB. 
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Table 5.1. Environment Canada SWE retrieval algorithms for different land cover types 
(Derksen et al., 2003, 2005). 
Land cover type SSM/I SWE algorithm 
Open SWE=-20.7-2.59(37V-19V) 
Coniferous forest SWE=16.81-1.96(37V-19V) 
Deciduous forest SWE=33.5-1.97(37V-19V) 
Sparse forest SWE=-1.95-2.28(37V-19V) 
Table 5.2. Confusion Matrix for MODIS snow products and SSM/I. 
SSM/I; MODIS Snow No snow 
Snow a b 
No snow c d 
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Table 5.3. The thresholds of SWE with highest overall accuracy of snow cover map from 
SSM/I in the different basins. 
Basins Mackenzie Great Slave Peel Liard Athabasca Great Bear Peace 
Best thresholds 
(mm) 33 37 12 29 33 18 35 
Table 5.4. Averaged Julian day of SWE5oo/„ and SCF5o% from 1988-2007 in different basins. 
Basins Mackenzie Great Slave Peel Liard Athabasca Great Bear Peace 
Standard 
deviations 
Julian day of SWEso% 121 119 128 124 111 122 120 5 
Julian day of SCF5o% 125 120 143 127 111 136 108 12 
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Table 5.5. The date at the maximum absolute values of negative correlation coefficients 
between SWE5o%, SCF5o%, and mean air temperatures, the corresponding correlation 
coefficients, and the significant level. 
Date Correlation coefficients 
Significant 
level (p<) 
Mackenzie 
SWE 6/20 -0.3727 0.1 
SCF 6/15 -0.5396 0.01 
Great Slave 
SWE 5/26 -0.4808 0.05 
SCF 5/31 -0.5298 0.02 
Peel 
SWE 6/10 -0.2955 0.5 
SCF 6/10 -0.4314 0.05 
Liard 
SWE 6/30 -0.3205 0.5 
SCF 5/11 -0.3595 0.1 
Athabasca 
SWE 5/21 -0.6636 0.01 
SCF 5/11 -0.7249 0.001 
Great Bear 
SWE 6/10 -0.4425 0.05 
SCF 6/20 -0.4513 0.05 
Peace 
SWE 5/6 -0.2252 0.5 
SCF 5/16 -0.3078 0.5 
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Table 5.6. The regression equations between mean air temperature (*) and Julian day of 
SWE50O/O (y) and SCF50% (y). 
swe5 0% SCFso% 
Mackenzie y = -1.7378* + 121.5 
R2 = 0.1389 
7 = -2.2207*+ 122.89 
R2 = 0.2911 
Great Slave y = -2.1747x + 110.08 
R2 = 0.2312 
y = -2.2869* + 111.45 
R2 = 0.2806 
Peel >> = -1.4596*+ 119.55 
R2 = 0.1087 
y = -1.7381*+ 132.32 
R2 = 0.1861 
Liard >> = -1.9854*+ 125.95 
R2 = 0.1292 
y = -1.2541*+ 123.57 
R2 = 0.1027 
Athabasca y = -2.6939*+ 107.02 
R2 = 0.4404 
y = -2.5462*+ 105.01 
R2 = 0.5254 
Great Bear y =-1.9876*+ 113.59 
R2 = 0.2036 
7 = -1.9836*+ 130.5 
R2 = 0.1958 
Peace y = -0.3704x+ 119.54 
R2 = 0.0382 
y = -3.2098* + 103.25 
R2 = 0.6566 
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Table 5.7. The regression equations between remotely sensed SCF (x) or SWE (x) and 
runoff (y) in the basins. The correlation coefficients between SCF, SWE, and runoff are 
shown in Fig. 5.8. 
SCF SWE 
Mackenzie y = -O.OlOlx + 1.1353 
R2 = 0.7869 
y = 26.967x"liyui 
R2 = 0.8727 
Peel y = -0.0178x + 2.5559 
R2 = 0.2135 
y = 7.6242x"US5y/ 
R2 = 0.6199 
Liard y = -0.0216x + 2.3679 
R2 = 0.7594 
y = 869.37x"2'151 
R2 = 0.7871 
Athabasca y = -0.0064x + 0.7595 
R2 = 0.4931 
y = 17.517x"''l/13 
R2 = 0.6618 
Peace y = -0.0058x + 1.0328 
R2 = 0.2721 
y= 10.92xu/y / ' 
R2 - 0.3648 
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Chapter 6: Conclusion 
6.1. Thesis Summary 
In this thesis, remotely sensed snow distribution and its relationships with the 
hydrometeorology in the QRB and MRB have been investigated. A spatial filter method was 
developed to decrease the cloud coverage in the MODIS snow products. At the same time, 
the new snow products are evaluated based on in-situ observations of snow depth in the QRB. 
Then the relationships between SCF from MODIS, topography, and hydrometeorology have 
been explored in the QRB. In addition, various retrieval algorithms of SWE from microwave 
remote sensing are tested in the QRB. At last, the Environment Canada algorithms of SWE 
from SSM/I were adopted to produce new SCF products by comparing them to the MODIS 
snow products. The relationships between SWE and SCF from SSM/I and hydrometeorology 
have been investigated in the MRB. A description of the principal results of this thesis 
follows: 
In Chapter 2, we conclude the following: Firstly, the SF method reduces the average cloud 
coverage in the QRB from 15% for MOD10A2 to 9%. Secondly, the SF increases the overall 
accuracy (OA) based on the threshold k = 2 cm by about 2% compared to MOD10A2 and by 
about 10% compared to MODlOAl at higher elevations. The OA for the four in-situ stations 
decreases with elevation with 93.1%, 87.9%, 84.0%, and 76.5% at 111 m, 1265 m, 1460 m, 
and 1670 m, respectively. Thirdly, an aggregated 1°C rise in average air temperature during 
spring leads to a 10-day advance in reaching 50% SCF (SCFso%) in the QRB. The correlation 
coefficient between normalized SCE of the SF and normalized streamflow is -0.84 (p<0.001) 
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for snow ablation seasons. There is a 32-day time lag for snow ablation to impact the 
streamflow the strongest at the basin outlet. The linear correlation coefficient between 
SCF5o% and 50% normalized accumulated runoff (Rso%) attains 0.82 (p<0.01). This clearly 
demonstrates the strong links that exist between the SCF depletion and the hydrology of this 
sub-boreal, mountainous watershed. 
The results in chapter 3 demonstrate clearly the topographic control of snow distribution in 
the QRB. The spatial filtered snow products show larger SCF and longer SCD than 
MOD10A2, with higher altitudes experiencing longer snow cover and perennial snow above 
2500 m. The gradient of SCF with elevation (d(SCF)/dz) during the snowmelt season is 8% 
(100 m)"1. The average ablation rates of SCF are similar for different 100 m elevation bands 
at about 5.5% (8 days)"1 for altitudes < 1500 m with decreasing values with elevation to near 
0% (8 days)"1 for altitudes > 2500 m. Different combinations of slopes and aspects also affect 
the SCF with a maximum difference of 20.9% at a given time. Correlation coefficients 
between SCD and elevation attain 0.96 (p<0.001). Mean gradients of SCD with elevation are 
3.8, 4.3, and 11.6 days (100 m)"1 for the snow onset season, snowmelt season, and entire year, 
respectively. The SF decreases the standard deviations of SCDs compared to MOD10A2 
with a maximum difference near 0.6 days, 0.9 days, and 1.0 days for the snow onset season, 
snowmelt season, and entire year, respectively. 
Various SWE retrieval algorithms for microwave remote sensing are tested in the QRB in 
Chapter 4. The results show that the EC algorithms developed specifically for the southern 
prairies and boreal forest perform poorly across the complex topography and generally deep 
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snow of the QRB. For other combinations of different channels of SSM/I and AMSR-E 
measurements, significant relationships between TB difference and in-situ SWE exist only 
when the snow accumulation is less than a threshold of 250 mm or 400 mm that varies at the 
different in-situ stations. Overall, AMSR-E provides better estimates of retrieved SWE than 
SSM/I. Compared to the algorithms based on TB difference, the ANNs for SSM/I and 
AMSR-E perform much better. In all the ANNs, the version trained with all channels of 
AMSR-E has the best performance in fitting SWE and is able to resolve the temporal 
variations of SWE at all in-situ stations. However, due to the complexity of the topography 
and vegetation in this mountainous watershed, the ANNs only based on limited in-situ 
stations are not able to retrieve the spatial variations of SWE in this area. 
Environment Canada SWE retrieval algorithms for SSM/I and SCF from retrieved SWE are 
evaluated against the MODIS snow products and adopted to explore the relationships 
between snow distribution and hydrometeorology in the MRB in Chapter 5. Different 
thresholds of retrieved SWE from SSM/I to classify the land cover as snow or no-snow for 
different sub-basins in the MRB are determined ranging from 10 mm - 30 mm for various 
sub-basins. The accuracy of snow cover mapping based on the combination of different 
thresholds for the different sub-basins can reach about 90%. Based on the analysis of 20 
years snow cover fraction (SCF), SWE from SSM/I and monthly mean temperature from 
National Centers for Environmental Prediction (NCEP) in the basins, the spring snow melt 
processes are significantly controlled by the mean air temperature. The quantitative analysis 
shows that the northern basins have stronger linear relationships between SCF5o%, SWE50%, 
and mean air temperatures than the southern basins. The correlation coefficients between 
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SCF, SWE, and hydrometeorology show the new SCF products from SSM/I perform better 
than SWE from SSM/I to analyze the relationships with hydrometeorology. Statistical 
models have been developed between SCF, SWE, and runoff, which indicate that the EC 
algorithm are useful for understanding and predicting the discharge in the snow melt seasons 
in the northern watersheds. However, more complex models are needed to improve the 
prediction of peak discharge at the end of snow melt seasons. 
This research fills an important gap in our knowledge and in the application of remotely-
sensed snow products in alpine and forested areas. The findings of this thesis show that there 
are still some serious challenges in retrieving accurate snow information over complex 
terrain from satellite platforms. An innovative aspect developed in this work is the removal 
of cloud effects through spatial filtering of remote sensing data. Although some approaches 
eliminate more cloud coverage in the MODIS snow products, they are, however, based on 
different assumptions of the temporal variation and spatial distribution of snow cover, some 
of which are not well understood for the complex terrain of the sub-boreal forest (Gafurov 
and Bardossy, 2009; Parajka and Bloschl, 2008). The results of this study demonstrate that 
the SF is a feasible, straightforward method to reduce the cloud coverage to improve the 
snow mapping from the original MOD10A2 product. The evaluation of MODIS snow 
products also demonstrates that these are reliable in high forest coverage and mountainous 
area. 
The substantial contributions of snow ablation to spring streamflow reported in this study are 
comparable to those in large Northern American watersheds (Dyer, 2008), the Upper Rio 
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Grande River Basin of Colorado (Zhou et al., 2005), and the large Siberian watersheds (Yang 
et al., 2003); however, the relationships between streamflow and SCE in the sub-boreal forest 
of the QRB and MRB exhibit higher correlation coefficients compared to the other areas. The 
proportion of the runoff derived from snow typically exceeds 50% in the QRB and MRB; 
however, climate change and other factors may lead to alterations of this ratio. In general, 
climate change will have multiple, nonlinear impacts on snow accumulation and snowmelt 
runoff. Since the snowmelt in the QRB and MRB is the majority of the source of spring 
runoff, the timing of the spring freshet is particularly sensitive to the air temperature. 
However, the hydrological cycle is complex, involving processes such as precipitation, 
surface water runoff and infiltration, groundwater storage, evapotranspiration, etc.; therefore 
the results should be combined with other climate change scenarios such as precipitation, 
evaporation, and earlier onset of photosynthesis. 
The scaling issue is especially important in the validation of remote sensing data, particularly 
at the magnitudes examined in this study. An intensive field survey of snow is perhaps one of 
the best methods to validate the passive microwave SWE. However, these experiments 
require labour intensive and costly operations, particularly in mountainous and forested 
terrain such as in the remote QRB. Another method consists of using model simulations to 
explore the SWE distribution. However, this approach also requires snow survey information 
for validation of the model simulations. Even when available, the snow surveys usually focus 
on smaller areas (typically < 1 km2) than the EASE-grid cell. Furthermore, the upscaling 
issue has not been resolved well so far; therefore, the in-situ point SWE remains, 
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unfortunately, the unique choice to fully validate the passive microwave products discussed 
in this thesis. 
6.2. Suggestions for Future Work 
Generally, more remote regions experience more snow/longer duration of the snow season. 
Although the fixed point SD and SWE measurements are adopted to evaluate the remotely 
sensed snow products, the sparsity of the observational network in the remote northern and 
mountainous areas has been a major issue in similar studies. In addition, SD and SWE of 
fixed point observations are used to represent the values of remotely sensed pixels, which 
leads to some errors on the evaluation and retrieval of the SCF and SWE. Therefore, more 
SD and SWE observation stations and snow survey measurements in the areas will improve 
the quality of the retrieved SCF and SWE significantly. 
In northern and high elevation watersheds, SWE is an important parameter in various 
hydrometeorological systems. However, the current retrieval algorithm for microwave 
remote sensing can not map the SWE in the area correctly owing to the complexity 
topography and landcover and the limitation of the microwave radiation. Therefore, a more 
complex algorithm including not only the remotely sensed signal but also the land surface 
information may improve SWE mapping in alpine watersheds. 
There are significant relationships between SCF, SWE, and discharge in northern watersheds. 
Therefore, the statistical models between these quantities can be used to predict the river 
discharge during snow ablation seasons. However, the peak discharge is not well represented 
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by statistical models owing to the important contribution of liquid precipitation to the 
discharge. Therefore, further research on the hydrological patterns and snow-precipitation-
runoff model during the end of the snow ablation seasons remains a priority. 
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Appendix 
Abstract for Chapter 2 
A spatial filter (SF) method is adopted to reduce the cloud coverage from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) 8-day snow products (MOD10A2) between 
2000-2007 in the Quesnel River Basin (QRB) of British Columbia, Canada. A threshold of it 
= 2 cm of snow depth measurements at four in-situ observation stations in the QRB are used 
to evaluate the accuracy of MODIS snow products MODlOAl, MOD10A2, and SF. Based 
on the MOD10A2 and the SF, the relationships between snow ablation, snow cover extent 
(SCE), snow cover fraction (SCF), streamflow and climate variability are assessed. Based on 
our results we are able to draw several interesting conclusions. Firstly, the SF method 
reduces the average cloud coverage in the QRB from 15% for MOD10A2 to 9%. Secondly, 
the SF increases the overall accuracy (OA) based on the threshold k = 2 cm by about 2% 
compared to MOD10A2 and by about 10% compared to MODlOAl at higher elevations. The 
OA for the four in-situ stations decreases with elevation with 93.1%, 87.9%, 84.0%, and 
76.5%) at 777 m, 1265 m, 1460 m, and 1670 m, respectively. Thirdly, an aggregated 1°C rise 
in average air temperature during spring leads to a 10-day advance in reaching 50% SCF 
(SCF5o%) in the QRB. The correlation coefficient between normalized SCE of the SF and 
normalized streamflow is -0.84 (p<0.001) for snow ablation seasons. There is a 32-day time 
lag for snow ablation to impact the streamflow the strongest at the basin outlet. The linear 
correlation coefficient between SCF50% and 50% normalized accumulated runoff (Rso%) 
attains 0.82 (p<0.01). This clearly demonstrates the strong links that exist between the SCF 
depletion and the hydrology of this sub-boreal, mountainous watershed. 
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Abstract for Chapter 3 
A spatial filter (SF) is used to reduce cloud coverage in Moderate Resolution Imaging 
Spectroradiometer (MODIS) 8-day maximum snow cover extent products (MOD10A2) from 
2000-2007, which are obtained from MODIS daily snow cover extent products (MODlOAl), 
to assess the topographic control on snow cover fraction (SCF) and snow cover duration 
(SCD) in the Quesnel River Basin (QRB) of British Columbia, Canada. Results show that the 
SF reduces cloud coverage and improves by 2% the accuracy of snow mapping in the QRB. 
The new product developed using the SF method shows larger SCF and longer SCD than 
MOD10A2, with higher altitudes experiencing longer snow cover and perennial snow above 
2500 m. The gradient of SCF with elevation (d(SCF)/dz) during the snowmelt season is 8% 
(100 m)"1. The average ablation rates of SCF are similar for different 100 m elevation bands 
at about 5.5% (8 days)"1 for altitudes < 1500 m with decreasing values with elevation to near 
0% (8 days)" for altitudes > 2500 m. Different combinations of slopes and aspects also affect 
the SCF with a maximum difference of 20.9% at a given time. Correlation coefficients 
between SCD and elevation attain 0.96 (p<0.001). Mean gradients of SCD with elevation are 
3.8, 4.3, and 11.6 days (100 m)"1 for the snow onset season, snowmelt season, and entire year, 
respectively. The SF decreases the standard deviations of SCDs compared to MOD10A2 
with a maximum difference near 0.6 days, 0.9 days, and 1.0 days for the snow onset season, 
snowmelt season, and entire year, respectively. 
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Abstract for Chapter 4 
Brightness temperatures (TB) from the Special Sensor Microwave Image (SSM/I) and 
Advanced Microwave Scanning Radiometer (AMSR-E) from 2003-2007 are utilized to 
retrieve and evaluate the snow water equivalent (SWE) over the complex terrain of the 
Quesnel River Basin (QRB), British Columbia, Canada. Various algorithms including the 
Environment Canada (EC) algorithms, the spectral polarization difference (SPD) and an 
artificial neural network (ANN) for both SSM/I and AMSR-E are evaluated against in-situ 
SWE observations by several statistical metrics. The results show that the EC algorithms 
developed specifically for the southern prairies and boreal forest perform poorly across the 
complex topography and generally deep snow of the QRB. For other frequency combinations 
of SSM/I and AMSR-E measurements, significant relationships between TB difference and 
in-situ SWE exist only when the snow accumulation is less than a threshold of 250 mm or 
400 mm that varies at the different in-situ stations. Overall, AMSR-E provides better 
estimates of retrieved SWE than SSM/I. Compared to the algorithms based on TB difference, 
the ANNs for SSM/I and AMSR-E perform much better. In all the ANNs, the version trained 
with all channels of AMSR-E has the best performance in fitting SWE and is able to resolve 
the temporal variations of SWE at all in-situ stations. However, due to the complexity of the 
topography and vegetation in this mountainous watershed, the ANNs only based on limited 
in-situ stations are not able to retrieve the spatial variations of SWE in this area. 
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Abstract for Chapter 3 
The spatial and temporal distribution of snow cover extent (SCE) and snow water equivalent 
(SWE) play vital roles in the hydrology of northern watersheds. We apply the microwave 
remotely sensed data of the Special Sensor Microwave Imagery (SSM/I) from 1988-2007 to 
explore the relationships between snow distribution and the hydrometeorology of the 
Mackenzie River Basin (MRB) of Canada and its major sub-basins (Peel, Great Bear, Liard, 
Great Slave, Peace, and Athabasca River Basins) The Environment Canada (EC) algorithm is 
adopted to retrieve the SWE from SSM/I data. Moderate Resolution Imaging 
Spectroradiometer (MODIS) 8-day maximum snow cover extent products (MOD10A2) are 
used to estimate the different thresholds of retrieved SWE from SSM/I to classify the land 
cover as snow or no-snow for various sub-basins in the MRB. The sub-basins have varying 
topography and hence different thresholds that range from 10 mm to 30 mm. The accuracy of 
snow cover mapping based on the combination of several thresholds for the different sub-
basins can reach about 90%. Based on a 20-year analysis of snow cover fraction (SCF), SWE 
from SSM/I and monthly mean air temperature from the National Centers for Environmental 
Prediction (NCEP) reanalysis in the basins, the spring snow melt processes are significantly 
controlled by the monthly mean air temperature. The quantitative analysis shows that the 
northern basins have stronger linear relationships between SCF50%, SWE5o%, and mean air 
temperatures than the southern basins. The correlation coefficients between SCF, SWE, and 
hydrometeorology show the new SCF products from SSM/I perform better than SWE from 
SSM/I to analyze the relationships with hydrometeorology. Statistical models have been 
developed between SCF, SWE, and runoff, which indicate that the EC algorithm is useful for 
understanding and predicting the discharge in the snow melt seasons in the northern 
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watersheds. However, more complex models are needed to improve the prediction of peak 
discharge at the end of snow melt seasons. 
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